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 INTRODUCTION

Recent  literature  emphasizes  that  successful  AI  implementation  in
medicine  requires  effective  human-AI  collaboration rather  than replacement
strategies.1,2 However,  despite  the widespread adoption of  machine learning
in healthcare,1,3 empirical evidence comparing collaborative versus traditional
approaches remains scarce, highlighting the need for more rigorous evalua-
tion.4 This gap is critical,  as clinicians increasingly view AI as “consulting an
experienced  colleague”2 rather  than  an  autonomous  decision-maker.  We
present  the  first  documented  head-to-head  comparison  of  classification  of
the  same  immunological  dataset  by  human-AI  collaboration  versus  expert
domain  knowledge.  This  provides  empirical  evidence  for  ongoing  debates
about optimal human-AI integration in clinical practice.

We analyzed the index of immune response (the ratios between inflamma-
tory IL-1β and anti-inflammatory IL-1Ra) by blood leukocytes of 102 elderly
surgical patients, measured at baseline (S0) and under increasing inflamma-
tory  stimulation  with  bacterial  lipopolysaccharide  (S1-S3),  both  pre-surgery
(T1) and three months post-surgery (T3). More in detail, anticoagulated blood
was  exposed  for  24  h  to  culture  medium  alone  (S0)  or  to  increasing  LPS
concentrations  (0.01,  0.1,  1  ng/mL,  i.e.,  S1,  S2,  S2).  Cell-free  supernatants
were assessed by ELISA for IL-1β, sIL-1R2 and IL-1Ra. The concentration of
free  IL-1β  (not  blocked  by  sIL-1R2)  was  calculated  by  applying  the  law  of
mass action, considering a molecular mass of 17 kDa for IL-1β and 47 kDa
for sIL-1R2, and a 1:1 interaction with a Kd of 2.7 nM.5 Free active IL-1β, i.e.,
the ratio between free IL-1β and IL-1Ra (the IL-1 receptor antagonist) multi-
plied  by 1000,  was  taken  as  index  of  immune  response.  Multiplication  by
1000 was included because blockade of IL-1β activity by IL-1Ra, despite their
similar affinity for the the receptor IL-1R1, notably needs about 1000-fold IL-
1Ra excess for efficient functional inhibition.

This dataset underwent two independent classification processes:
AI-Assisted  Approach:  Developed  through  documented  interactions

between  a  biomathematician  and  Claude  (Anthropic's  AI  assistant,  Claude
Sonnet  4).  The  AI-assisted  method required  a  biomathematician  capable  of
iterative dialogue with AI tools, translating statistical outputs into biologically
meaningful  hypotheses.  The  iterative  process  involved  statistical  clustering
suggestions by  AI,  human  interpretation  of  biological  relevance,  and  refine-
ment based on clinical outcomes.

Expert-Driven  Approach:  Independent  classification  by  two  experienced
immunologists (one basic and one clinical) acting in concert, using functional
immunological understanding,  physiological  plausibility,  and  clinical  rele-
vance as primary criteria.  Thus, the expert-driven approach demanded deep
immunological  domain  knowledge  to  immediately  recognize  functionally

relevant patterns.
This  comparison  intentionally  highlights  a  critical  challenge  in  medical  AI

implementation: without domain-specific expertise, AI risks applying statisti-
cally valid methods to biologically inappropriate contexts. The biomathemati-
cian-AI  partnership  required  continuous  biological  validation,  while  the
immunological  expertise  enabled  direct  recognition  of  clinically  meaningful
classifications.

The AI-assisted approach yielded five clusters (named based on statistical
concepts):  Optimal (55 patients,  53.9%),  Dysregulated (11,  10.8%),  Quiescent
(15, 14.7%), High-Baseline (14, 13.7%), and Others (7, 6.9%). The expert-driven
approach  produced  four  clusters  (named  based  on  immunological/clinical
concepts): Normal (50, 49.0%), Anergic (21, 20.6%), Hyperreactive (18, 17.6%),
and Inflamed (13, 12.7%) (Figure 1).

Key  differences  emerged  in  both  philosophy  and  execution.  The  AI
approach  captured  statistical  patterns  and  created  categories  such  as
"Dysregulated" (bell-shaped response curves that do not perfectly align with
the  incremental  dose-response  curves  considered  as  Optimal)  and  "Others"
(statistical  outliers  that  do  not  fit  in  any  of  the  other  clusters).  The  expert
approach  eliminated  these  ambiguous  categories,  redistributing  patients
based on  immunological  function:  "Anergic"  (immune/inflammatory  hypore-
sponsiveness)  and  "Hyperreactive"  (excessive  immune/inflammatory
reactivity).

Notably,  the  experts  applied  stricter  biological  criteria.  For  "Normal"
patients,  the AI  accepted any S3 response ≥20,  while the expert  required S3
values  between  20  and  80,  reducing  this  group  from  55  to  50  patients  but
achieving greater immunological coherence.

Both  classifications  demonstrated  prognostic  value  for  post-surgical
immune  recovery  (T1→T3  transitions,  with  59/102  patients  classified  as
Normal/Optimal at T3), but with important differences:

1.  Normal/Optimal  patients  showed  similar  retention  rates  (72.0%  vs.
65.5%), but expert-defined categories demonstrated clearer biological trajec-
tories.

2.  The  expert  "Anergic→Normal"  transition  (48%  recovery)  provided  more
mechanistic insight than the AI "Quiescent→Optimal" (53%), reflecting under-
stood immune reconstitution processes.

Both approaches similarly identified patients with high baseline inflamma-
tion  (High  baseline/Inflamed)  as  having  limited  recovery  potential  (recovery
was 3/14 for AI-assisted, 1/14 for expert driven evaluations).

 THE HUMAN-AI DIALOGUE
The  AI-assisted  approach  implemented  a human-in-the-loop  process
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characterized by iterative cycles of computational analysis and human inter-
pretation.  Documentation  of  the  human-Claude  interactions  revealed  the
following workflow:

1) AI Pattern Proposal: Claude generated initial statistical clustering based
on  numerical  patterns  of  the  immune  response  index  data  across  the  102-
patient dataset.

2)  Human  Biological  Evaluation:  The  biomathematician  assessed  each
proposed cluster for biological plausibility, considering known immunological
mechanisms and physiological constraints.

3) Iterative Refinement: Based on biological considerations, the biomathe-
matician reformulated queries to Claude, specifying constraints or requesting
alternative  clustering  approaches.  A  critical  example  involved  hierarchical
organization  of  clusters  to  avoid  patient  overlap - initial  "free"  clustering  by
Claude  showed  classification  ambiguities  that  required  human  guidance  to
establish clear decision boundaries.

4)  Quality  Control:  As  a  consistency  test,  two  patients  were  intentionally
evaluated  twice  through  the  AI  process;  the  biomathematician  verified  that

both assessments assigned them to identical clusters, confirming the repro-
ducibility of the human-AI workflow.

5)  Clinical  Validation:  Proposed  classifications  were  evaluated  against
clinical outcomes (T1→T3 transitions) to assess prognostic value.

While the specific clustering algorithm used internally by Claude Sonnet 4
is  not  disclosed  by  Anthropic,  the  human-in-the-loop  process  ensured  that
biological  validity  had  precedence  over  algorithmic  output.  The  five  clusters
were defined upon iterative refinement guided by biological plausibility rather
than  purely  statistical  optimization.  This  human-in-the-loop  framework
proved  essential  for  multiple  reasons.  First,  the  large  dataset  (102  patients,
each  with  8  measurements)  made  Claude's  automated  analysis  crucial -
manual  processing  would  have  been  time-consuming  and  error-prone.
Second,  while  Claude  excelled  at  identifying  subtle  statistical  patterns  and
maintaining  systematic  consistency,  it  occasionally  suggested  groupings
that, while mathematically coherent, lacked biological interpretability (e.g., the
"Dysregulated"  category  based  solely  on  bell-shaped  curves  without
immunological rationale). Third, the biomathematician observed that Claude's
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Figure 1.  Comparative analysis of AI-assisted versus expert-driven patient classification Analysis of immune/inflammatory responsiveness was run on blood samples from
102 elderly surgical  patients (A) AI-assisted classification yielded five clusters,  defined on the basis of statistical  pattern recognition. (B) Expert-driven classification produced
four clusters, defined with stricter immunological criteria. (C) Clinical outcome showing T1 to T3 transitions demonstrates achieving identical overall success rates (57.8%), but
expert classification shows superior stability in optimal/normal patients (72.0% vs. 65.5%). Note the elimination of the ambiguous categories in the expert approach, with patients
redistributed based on functional immune status rather than statistical patterns.
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performance  improved  notably  through  iterative  interaction,  suggesting
learning  from  human  feedback - though  at  this  stage  AI  cannot  replace
human expertise.

Conversely,  the  immunology  expert  approach  immediately  eliminated
statistically driven but immunologically unclear categories, demonstrating the
irreplaceable value of domain expertise in creating clinically meaningful clas-
sifications.  However,  while  the  expert  approach  was  still  possible  with  a
dataset  of  816  data  (4  conditions  per  2  timepoints  for  102  patients),  this
cannot be easily applied on larger datasets.

Our comparison suggests that neither pure AI nor pure expert approaches
represent optimal strategies. Instead, a hybrid model is proposed:

1.  AI  for  Pattern Detection:  Computational  approaches excel  at  identifying
subtle statistical relationships in complex datasets.

2. Expert  Interpretation:  Domain  knowledge  remains  essential  for  biologi-
cal plausibility and clinical relevance.

3. Iterative Refinement: The combination amplifies strengths while mitigat-
ing individual limitations.

This finding has immediate implications for the growing use of AI in preci-
sion  medicine,  biomarker  discovery,  and  patient  stratification.  As  AI  tools
become more sophisticated, the question shifts from "human or machine?" to
"how can human expertise and AI capabilities best collaborate?"

Our results  align  with  emerging  evidence  that  successful  AI  implementa-
tion in medicine requires maintaining human supervision rather than replac-
ing expertise.2,6 Recent physician surveys emphasize AI's  role  as a  support-
ing  eye  and  collaborative  partner.2 Previous  implementation  studies  have
identified shared decision-making and human supervision as critical  factors
for  successful  AI  deployment  in  clinical  practice,7 yet  empirical  evidence
supporting these theoretical positions has been limited.

The documented human-Claude collaboration provides a replicable model
for  human-AI  partnerships  in  research.  Such  transparency  in  AI-assisted
scientific  processes  becomes  crucial  as  recent  studies  identify  physician
acceptance2 and interpretability as primary barriers to clinical AI adoption.

 CONCLUSIONS
While  AI-assisted  classification  effectively  identified  statistical  patterns,

expert-driven  refinement  provided  superior  biological  coherence  and  clinical
interpretability. The  optimal  approach  appears  to  involve  AI  for  comprehen-
sive pattern detection followed by expert refinement based on domain knowl-
edge  and  clinical  relevance.  Without  domain-specific  expertise,  AI  risks  to
apply statistically valid methods to biologically inappropriate contexts.

The documented process suggests that optimal results can emerge when
AI,  biostatistician,  and domain experts  collaborate  as  an integrated team.  In
this configuration, AI amplifies human analytical capacity rather than replac-
ing it. This empirical evidence supports recent theoretical calls for collabora-
tive rather than replacement models in medical AI.2

Our  findings  contribute  evidence  to  ongoing  debates  about  medical  AI
implementation  and  demonstrate  a  replicable  methodology  for  future
comparative  studies  of  human-AI  collaborative  approaches  in  clinical
research.
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