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ABSTRACT: Background: Atrtificial intelligence (Al) chatbots are increasingly
explored as clinical decision-support tools. However, their accuracy and safety in
biochemical report interpretation and pharmacotherapy recommendations remain
insufficiently evaluated. Objective: To assess the accuracy, safety, consistency, and
error patterns of Al chatbots in interpreting biochemical data and providing
pharmacological recommendations. Methods: This cross-sectional, case-based
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analytical study evaluated 100 standardized clinical scenarios across diabetes
mellitus, dyslipidemia, renal dysfunction, and liver disorders. Five Al chatbots were
assessed using a uniform prompt. Responses were compared with gold-standard
references and scored using a composite system (maximum score = 9) evaluating
interpretation accuracy, therapeutic accuracy, safety, and justification. Statistical
analysis included Kruskal-Wallis and Chi-square tests. Results: Significant
differences were observed among chatbots (p = 0.003). Chatbots A and D
demonstrated superior performance, with excellent responses in 68% and 60% of
cases, respectively, compared to 28% in chatbot E. Interpretation accuracy was
consistently higher (91% in chatbot A) than therapeutic accuracy (87% in chatbot A)
across all models. Domain-wise performance was highest in diabetes (91%) and
lowest in renal dysfunction (78%). Safety analysis revealed that 75-92% of
responses were safe, although moderate-to-severe safety concerns occurred in up to
13% of cases in lower-performing models. Consistency was highest in chatbots A
and D (85-88% identical responses), while chatbot E showed greater variability
(16% different drug recommendations). Drug selection errors (up to 20%) and
safety-related errors (up to 18%) were more frequent than interpretation errors.
Conclusion: Al chatbots demonstrate strong performance in biochemical
interpretation but exhibit limitations in therapeutic decision-making, safety, and
consistency. Their role should remain adjunctive, with clinician supervision essential
for safe clinical integration.
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INTRODUCTION: Biochemical investigations Parameters such as blood glucose levels, lipid

constitute a cornerstone of modern clinical practice,
playing a critical role in diagnosis, therapeutic
monitoring, and pharmacological decision-making.
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profiles, renal function tests, and hepatic enzyme
measurements are routinely employed to guide
drug selection, optimize dosing, and minimize
adverse drug reactions.

Inaccurate interpretation of these biochemical
indices or inappropriate pharmacotherapeutic
decisions may result in sub optimal treatment
outcomes, therapeutic failure, or drug-induced
toxicity > 2 3. In recent years, artificial intelligence
(Al) has emerged as a transformative tool in

2758



Inbaselvi et al., IJPSR, 2026; Vol. 17(9): 2758-2766.

healthcare, with chat bot-based  systems
demonstrating increasing utility in clinical
education and decision support. These systems
leverage large language models and machine
learning algorithms to process complex clinical
data and generate recommendations in real time.
Evidence suggests that Al chatbots can assist in
clinical reasoning, drug information retrieval, and
patient management; however, concerns persist
regarding their reliability, reproducibility, and
safety, particularly in scenarios requiring nuanced
integration of  biochemical data  with
pharmacological principles * > °.

Although prior investigations have evaluated Al
performance in domains such as medical
examinations, pharmaceutical calculations, and
general diagnostic reasoning, there remains a
paucity of evidence specifically addressing their
effectiveness in biochemistry-guided
pharmacotherapy. Given the expanding integration
of Al tools into healthcare workflows, it is
imperative to critically evaluate their accuracy,
consistency, and safety in clinically relevant
contexts "% 910,

Therefore, the present study aims to assess the
performance of Al chatbots in interpreting
biochemical reports and providing pharmacological
recommendations using standardized simulated
clinical scenarios, with a focus on accuracy, safety,
and consistency.

METHODOLOGY:
Study Design: This was a cross-sectional, case-
based analytical study conducted in a simulated
clinical environment.

Study Material:

Al Chatbots: Five publicly accessible Al chatbot
platforms capable of interpreting clinical
information and generating pharmacotherapeutic
recommendations were evaluated in this study:
Gemini Al, Claude Al, DeepSeek Al, QuillBot Al
Chat, and YesChat Al.

All chatbots were accessed through their publicly
available web-based interfaces using the Google
Chrome browser between 10 February 2026 and 18
February 2026. Only freely available versions of
the platforms were utilized. No premium
subscriptions, customized system prompts, plugins,
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or external tools were employed during the study.
Default platform settings were maintained
throughout the evaluation period.

To avoid direct commercial ranking, endorsement,
or promotional interpretation of individual Al
products, chatbot identities were anonymized and
presented as Chatbots A—E throughout the Results
section, tables, and figures. The objective of the
study was to assess the overall accuracy, safety,
and consistency of contemporary Al chatbot
systems rather than compare or promote specific
commercial platforms.

Case Development: A total of 100 standardized
clinical cases were developed and distributed
equally across four domains:

+« Diabetes mellitus (n = 25)
«» Dyslipidemia (n = 25)

« Renal dysfunction (n = 25)
< Liver disorders (n = 25)

Each case included patient demographics, relevant
history, biochemical parameters, and a clinical
scenario  requiring pharmacological decision-
making.

The scenarios were originally created by the
investigators  using  standard  biochemistry,
pharmacology, and internal medicine reference
sources, including Lippincott's Illustrated Reviews:
Biochemistry, Harper's Illustrated Biochemistry,
Textbook of Biochemistry for Medical Students by
D. M. Vasudevan, Practical Clinical Biochemistry:
Methods and Interpretations by Ranjna Chawla,
Goodman & Gilman's The Pharmacological Basis
of Therapeutics, and Harrison's Principles of
Internal Medicine. The cases were designed to
reflect commonly encountered biochemical
abnormalities and pharmacotherapeutic decision-
making situations in routine clinical practice. No
real patient data, medical records, or previously
published case reports were used. All scenarios
were fully simulated for research purposes.

To ensure balanced representation across domains,
cases were developed with varying levels of
complexity  ranging  from  straightforward
biochemical interpretation and guideline-based
management scenarios to clinically challenging
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cases involving multiple biochemical
abnormalities, comorbidities, contraindications, and
dose-adjustment requirements. The distribution of
case complexity was reviewed by the investigators
to maintain comparable difficulty across all four
domains.

All scenarios and corresponding gold-standard
answers were reviewed by subject experts before
evaluation to ensure clinical relevance, content

validity, and  consistency  with  accepted
biochemical, pharmacological, and clinical
principles.

Prompt Standardization: All chatbot interactions
were performed using newly initiated sessions to
minimize the influence of previous conversation
history. ldentical prompts and case scenarios were
used across all evaluated platforms.

Reference Standard: Gold-standard answers were
prepared using  established  pharmacology,
biochemistry, and internal medicine reference
sources, including Goodman & Gilman's The
Pharmacological Basis of Therapeutics and
Harrison's Principles of Internal Medicine. In
addition,  disease-specific  pharmacotherapeutic
recommendations were validated using
contemporary evidence-based clinical practice
guidelines wherever applicable.

For diabetes mellitus cases, recommendations were
verified using the American Diabetes Association
(ADA) Standards of Care. Renal dysfunction cases
were validated using Kidney Disease: Improving
Global Outcomes (KDIGO) guidelines, particularly
for chronic kidney disease staging and renal dose-
adjustment recommendations. Dyslipidemia cases
were assessed using contemporary dyslipidemia
management guidelines for lipid-lowering therapy
selection and cardiovascular risk reduction
strategies. Liver disorder cases were evaluated
using accepted evidence-based pharmacotherapy
principles and standard hepatology reference
recommendations. All gold-standard answers were
independently reviewed and validated by subject
experts before use in chatbot evaluation.

Scoring  System: The composite scoring
framework was developed by the investigators to
provide a multidimensional assessment of chatbot
performance in clinically relevant domains.
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The scoring system incorporated four Kkey
components considered essential for evaluating Al-
generated clinical  responses: interpretation
accuracy, therapeutic accuracy, safety, and quality
of justification. Greater weight was assigned to
safety (maximum score = 3) because patient safety
represents the most critical consideration in clinical
decision-making, while interpretation accuracy,
therapeutic accuracy, and justification quality were
each assigned a maximum score of 2. The total
composite score was therefore 9 points.

Interpretation Accuracy:
Accurate Interpretation: Correct identification of
all  major biochemical abnormalities with
appropriate clinical interpretation and linkage to the
underlying disease process.

Partially Accurate Interpretation: Recognition of
some biochemical abnormalities but with
incomplete clinical correlation, omission of
important findings, or limited interpretation of their
clinical significance.

Inaccurate Interpretation: Failure to identify key
biochemical abnormalities, incorrect interpretation
of findings, or clinically misleading conclusions.

Therapeutic Accuracy:

Appropriate Therapy: Guideline-based
pharmacological management with appropriate
drug or drug class selection, suitable therapeutic
strategy, and consistency with accepted clinical
practice.

Partially Appropriate Therapy: Acceptable but
suboptimal  pharmacological recommendation,
including use of an alternative drug, incomplete
treatment regimen, or omission of important
therapeutic considerations.

Inappropriate Therapy: Incorrect drug selection,
inappropriate pharmacological recommendation,
omission of essential treatment, or recommendation
inconsistent with accepted clinical practice.

Safety Score:

Safe: Recommendation included an appropriate
drug, correct dosing, appropriate consideration of
biochemical findings, contraindications, and
relevant patient-specific factors, with no clinically
significant safety concerns.
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Minor Safety Concern: Minor omissions or non-
critical issues unlikely to result in patient harm,
such as incomplete monitoring recommendations,
lack of counseling advice, or omission of non-
essential precautionary information.

Moderate Safety Concern: Potentially clinically
relevant safety issues that may increase risk but are
not immediately dangerous, such as incomplete
renal dose adjustment, failure to recommend
appropriate monitoring, selection of a less suitable
alternative drug, or incomplete consideration of
hepatic impairment.

Severe Safety Concern: Potentially harmful
recommendations including contraindicated drug
use, major dosing errors, failure to recognize
significant renal dysfunction requiring dose
modification, inappropriate prescribing in severe
hepatic impairment, or recommendations with
substantial potential to cause patient harm.

Justification Quality:

Comprehensive Justification: Clear, logical, and
clinically sound reasoning linking biochemical
findings to pharmacological recommendations,
with appropriate explanation of therapeutic choices.

Partial Justification: Reasoning provided but
lacking sufficient detail, depth, or clear linkage
between biochemical findings and therapeutic
recommendations.

Poor or Absent Justification: No meaningful
justification provided, incorrect reasoning, or
explanation inconsistent with the biochemical
findings and proposed management.

Score Calculation: Total sum of all

components (maximum = 9)

score =

Percentage score = (obtained score / 9) x 100

Performance Classification:
Based on Quatrtile:

< Excellent (>75th percentile)
«» Good (50-75th percentile)
< Moderate (25-50th percentile)

< Poor (<25th percentile)

Additional Analyses:
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Safety Analysis: Responses were categorized as
safe, minor safety concern, moderate safety
concern, or severe safety concern according to the
predefined safety criteria described above.

Consistency Analysis: To evaluate response
reproducibility, each case was tested twice using
identical prompts in separate newly initiated
sessions. The second assessment was performed
after a minimum interval of 2 hours to reduce any
potential influence of temporary model behavior or

session-specific ~ variability. Responses  were

categorized as:

1. Identical Response — same biochemical
interpretation and pharmacological

recommendation.

2. Partial Variation — same pharmacological
recommendation with differences in
explanation, justification,  wording, or
supporting details.

3. Different Response — change in biochemical
interpretation and/or pharmacological
recommendation between assessments.

Error Pattern Analysis: Errors were classified
into three categories:

1. Interpretation Errors — failure to correctly
identify or interpret relevant biochemical
abnormalities.

Errors —
incorrect

2. Drug Selection
suboptimal, or
recommendations.

inappropriate,
pharmacological

3. Safety Errors — recommendations associated
with  contraindications,  dosing  errors,
inadequate dose adjustments, or other clinically
relevant safety concerns.

Evaluation Process: Two independent evaluators
assessed all chatbot responses using the predefined
scoring criteria.  Inter-rater agreement was
measured using Cohen's kappa statistic (k = 0.86),
indicating strong agreement between evaluators. In
instances where scoring discrepancies occurred, the
responses were jointly reviewed and consensus was
reached through discussion based on the predefined
scoring framework and reference-standard answers.

Statistical Analysis: The Kruskal-Wallis test was
used for comparison of scores between chatbots,
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and the Chi-square test was used for the analysis of
categorical variables. A p-value < 0.05 was
considered statistically significant. Since the same
set of standardized clinical scenarios was evaluated
across all Al chatbots, the study design contained
an inherent repeated-measures structure. Non-
parametric methods were selected to accommodate
the descriptive distribution of the evaluation scores.
Given the multiple component-wise, domain-wise,
safety, consistency, and error-pattern comparisons
performed, these findings are interpreted strictly as
a hypothesis-generating, exploratory analysis rather
than definitive confirmatory testing, and the
reported p-values should be interpreted with
appropriate caution

RESULTS:
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Ethical Consideration: This study utilized fully
simulated and standardized clinical case scenarios
developed exclusively for research purposes. No
human participants, patient recruitment, patient
records, biological samples, or identifiable personal
health information were involved.

The study evaluated responses generated by
publicly accessible Al chatbot platforms to
simulated clinical scenarios. Therefore,
Institutional Ethics Committee (IEC) approval was
not required as no human participants or patient-

related data were involved.

TABLE 1: QUARTILE-BASED PERFORMANCE CLASSIFICATION

Category A C D E
Excellent 68% 45% 32% 60% 28%
Good 22% 30% 28% 28% 30%
Moderate 8% 18% 25% 10% 25%
Poor 2% 7% 15% 2% 17%
p =0.003

Chatbots A and D demonstrated a higher
proportion of excellent performance compared to
other chatbots, while Chat bot E showed the

TABLE 2: COMPONENT-WISE PERFORMANCE

highest proportion of moderate and poor responses.
The difference in performance distribution was
statistically significant.

Parameter A B C D E p-value
Interpretation 1.82 (91%) 1.65(83%)  1.50(75%)  1.78(89%)  1.44 (72%) <0.001
Therapeutic 1.75 (87%) 1.50 (75%)  1.40 (70%)  1.68(84%)  1.30 (65%) 0.002

Safety 2.70 (90%) 230 (77%)  2.10(70%)  2.60 (87%)  2.00 (67%) <0.001
Justification 1.65 (82%) 1.50 (75%)  1.40(70%)  1.60(80%)  1.30 (65%) 0.010
Interpretation accuracy was consistently higher chatbots A and D demonstrated superior

across all chatbots, whereas therapeutic accuracy performance across all components.
and safety scores showed greater variability.
TABLE 3: DOMAIN-WISE PERFORMANCE
Domain A B C D E p-value
Diabetes 8.2 (91%) 7.5 (83%) 6.9 (77%)  8.0(89%) 6.6 (73%) <0.001
Dyslipidemia 8.0 (89%) 7.3 (81%) 6.8 (75%)  7.8(87%) 6.5 (72%) 0.002
Renal Dysfunction 7.0 (78%) 6.3 (70%) 5.8 (64%) 6.8 (76%) 5.5 (61%) <0.001
Liver Disorders 7.8 (87%) 7.0 (78%) 6.5 (72%) 7.6 (84%) 6.2 (69%) 0.003
Performance was highest in diabetes and chatbots, indicating difficulty in managing complex

dyslipidemia cases, while renal dysfunction cases
showed consistently lower scores across all

TABLE 4: SAFETY ANALYSIS

dose-adjustment scenarios.

Parameter A B C D E
Safe 92% 85% 80% 90% 75%
Minor 5% 8% 10% 6% 12%
International Journal of Pharmaceutical Sciences and Research 2762
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2%
1%

5%
2%

Moderate
Severe

3%
1%

8%
5%

7%
3%

p=0.02

Most responses were safe; however, Chat bot E
demonstrated a higher proportion of moderate and

TABLE 5: CONSISTENCY ANALYSIS

severe safety concerns compared to other chatbots.
The difference was statistically significant.

Parameter A B C D E
Identical 88% 78% 2% 85% 70%
Same drug diff reasoning 7% 12% 15% 9% 14%
Different drug 5% 10% 13% 6% 16%

p=0.01

Chatbots A and D showed higher consistency, whereas Chat bot E exhibited greater variability, including

changes in drug recommendations.

TABLE 6: ERROR PATTERN ANALYSIS

Error Type A B C D E
Interpretation 5% 9% 12% 6% 15%
Drug selection 8% 14% 18% 10% 20%
Safety errors 7% 12% 15% 8% 18%
p=0.01
Representative safety-related errors included failure  therapy. Minor concerns commonly involved

to recommend renal dose adjustment in patients
with impaired kidney function, selection of
pharmacological agents despite relevant
contraindications, and incomplete consideration of
hepatic impairment when recommending drug

omission of monitoring recommendations, whereas
severe concerns primarily involved potentially
inappropriate  drug  selection or  dosing
recommendations.

TABLE 7: REPRESENTATIVE EXAMPLES OF CHATBOT ERRORS

Error type Clinical scenario context Chatbot output (Error) Gold-standard correct reference
Interpretation Patient with Type 2 Diabetes; "Renal parameters are within Fails to recognize severe Stage 4
Error Lab values show Serum normal limits; clear to proceed Chronic Kidney Disease (CKD).

Creatinine: 2.1 mg/dL, eGFR:
26 mL/min/1.73m2.

Drug Selection  Patient presenting with severe

Error primary hypercholesterolemia
(LDL-C > 190 mg/dL).
Safety Error Patient with eGFR of 24

mL/min/1.73m?2 requiring Metfor

glycemic control.

Recommended low-dose
Ezetimibe monotherapy as the
initial treatment step.
Recommended initiating

with regular diabetic

therapies."

ADA/AHA Guidelines: High-intensity

statin therapy (e.g., Atorvastatin 40-80

mg) is the absolute first-line indication.
KDIGO/ADA Guidelines: Metformin

isstrictly contraindicated
ifeGFR<30mL/min/1.73m due to the
high risk of lactic acidosis.

min 1000 mg daily.

DISCUSSION: The present study evaluated the
accuracy, safety, and consistency of Al chatbots in
interpreting biochemical data and recommending
pharmacological management using standardized
clinical scenarios. The findings demonstrate that
while Al chatbots exhibit promising capabilities in
biochemical interpretation, significant variability
exists in therapeutic decision-making, safety, and
consistency, particularly in complex clinical
conditions. Overall, chatbots A and D demonstrated
superior performance across most parameters, with
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a higher proportion of excellent responses and
better consistency. This aligns with recent evidence
suggesting that advanced large language models
(LLMs) can achieve high accuracy in structured
clinical reasoning tasks, particularly when
interpreting laboratory data and generating
differential diagnoses ® **. However, performance
variability across chatbots observed in this study
reflects ongoing concerns regarding heterogeneity

in training data, model architecture, and
reinforcement learning strategies used in Al
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systems 2. Interpretation accuracy was consistently
higher than therapeutic accuracy across all
chatbots. This suggests that Al systems are
relatively proficient in recognizing biochemical
abnormalities but may struggle with translating
these findings into appropriate pharmacological
interventions. Similar observations have been
reported in recent studies, where Al models
performed well in diagnostic reasoning but
demonstrated limitations in treatment planning and
drug selection * 7. This gap highlights a critical
limitation in  current Al  systems, as
pharmacotherapy requires integration of patient-
specific variables, comorbidities, and guideline-
based recommendations.

The domain-wise analysis revealed that chat bot
performance was highest in diabetes and
dyslipidemia cases, while renal dysfunction cases
posed the greatest challenge. This finding is
consistent with existing literature indicating that Al
performs better in standardized, guideline-driven
conditions (e.g., diabetes management) compared
to complex scenarios requiring dose adjustments
and dynamic clinical judgment, such as renal
impairment > '*. Renal pharmacotherapy often
necessitates individualized dose modification based
on glomerular filtration rate and drug
pharmacokinetics, which may not be consistently
captured by Al models.

Safety analysis demonstrated that although most
responses were categorized as safe, a non-
negligible proportion of moderate and severe safety
concerns were identified, particularly with lower-
performing chatbots. These included inappropriate
drug  selection, failure to account for
contraindications, and dosing errors. Similar safety
concerns have been highlighted in recent
evaluations of Al in clinical settings, emphasizing
the risk of hallucinated or contextually
inappropriate recommendations ® *°. This raises
important concerns regarding the unsupervised use
of Al chatbots in clinical decision-making, where
even infrequent errors may have significant patient
safety implications.

Consistency analysis revealed that higher-
performing chatbots exhibited more stable
responses, whereas others showed variability,
including changes in drug recommendations across
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identical inputs. This inconsistency has been
widely reported in LLM-based systems and is
attributed to probabilistic response generation and
sensitivity to prompt phrasing .. Lack of
reproducibility remains a key barrier to clinical
adoption, as consistent decision-making is essential
for safe medical practice.

Error pattern analysis further demonstrated that
drug selection and safety-related errors were more
frequent than interpretation errors. This finding
reinforces the notion that Al chatbots function
more effectively as informational tools rather than
autonomous decision-makers. Previous studies
have similarly concluded that while Al can support
clinical reasoning, it should not replace clinician
judgment, particularly in pharmacotherapy where
errors may lead to adverse drug reactions or
therapeutic failure * 1°.

The findings of this study have important clinical
implications. Al chatbots may serve as useful
adjunct tools for education and preliminary clinical
support, particularly in interpreting biochemical
data. However, their limitations in therapeutic
accuracy, safety, and consistency necessitate
cautious use under professional supervision.
Integration of Al into healthcare should be
accompanied by robust validation, regulatory
oversight, and continuous performance monitoring
to ensure patient safety .

The findings of this study should not be interpreted
as evidence that Al chatbots are ready for
autonomous clinical decision-making. Although
several chatbots demonstrated good performance in
biochemical report interpretation and
pharmacotherapeutic ~ recommendations,  their
outputs remained variable and were associated with
clinically relevant interpretation, therapeutic, and
safety errors. Furthermore, chatbot performance
may change over time because of model updates,
retraining, modifications in platform architecture,
and differences in prompt wording. The
applicability of recommendations may also vary
across healthcare settings owing to differences in
local treatment guidelines, resource availability,
and patient populations. Therefore, Al-generated
recommendations should be considered supportive
tools rather than replacements for clinical expertise
and individualized patient assessment ** *°.
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Strengths of the Study: This study has several
notable strengths. First, it utilized a standardized
and balanced set of 100 clinical cases across four
major biochemical domains, ensuring
comprehensive evaluation. Second, the use of a
validated scoring system incorporating
interpretation, therapy, safety, and justification
allowed for multidimensional assessment of chat
bot performance. Third, independent evaluation
with high inter-rater agreement (x = 0.86) enhanced
the reliability of findings. Additionally, the
inclusion of consistency and error pattern analyses
provides deeper insights into practical limitations
of Al systems, which are often overlooked in
similar studies.

Limitations: Despite its strengths, the study has
certain limitations. The use of simulated clinical
scenarios may not fully capture the complexity and
variability of real-world patient care. Chatbot
performance may also vary over time due to
frequent model updates and retraining, limiting
reproducibility. Furthermore, the study focused on
selected domains (diabetes, dyslipidemia, renal,
and liver disorders), which may restrict
generalizability to other areas of pharmacotherapy.
Finally, Al outputs were evaluated in isolation
without clinician—Al interaction, which may differ
from real-world usage. Additionally, while the
uniform evaluation of the same 100 standardized
clinical scenarios across all five platforms
introduces an  inherent  repeated-measures
framework, baseline independent non-parametric
statistical methods were deliberately chosen to
provide a transparent, exploratory comparative
overview of baseline model distributions. Given
this exploratory focus across multiple component-
wise, safety, and error-pattern variables , these
findings are interpreted strictly as hypothesis-
generating, and the reported p-values serve as
descriptive statistical indicators interpreted with
appropriate caution.

CONCLUSION: Al  chatbots  demonstrate
promising capabilities in interpreting biochemical
data and supporting clinical reasoning; however,
their limitations in pharmacological decision-
making, safety, and consistency remain significant.
While they may serve as useful adjunct tools in
healthcare education and preliminary clinical
support, their use in direct clinical decision-making
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should be approached with caution and always
involve expert supervision. Ensuring patient safety
will require continued validation, regulatory
oversight, and refinement of Al systems.
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