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Abstract
The transition from raw genomic data to actionable clinical insights remains a primary challenge in microbiome-
based diagnostics. While modern information systems can effectively identify taxonomic anomalies and provide
quantitative visualizations (e.g., phyla abundance ratios), the resulting reports often present a “semantic gap”
for patients and General Practitioners, who may lack specialized expertise. This position paper presents a
Symbiotic AI (SAI) approach to bridge this gap by integrating Large Language Models (LLMs) with existing
visualizations within a trustworthy and reproducible pipeline. Aligning with the AI2VIS4BigData Reference
Model, our approach moves beyond static reporting by utilizing an LLM-based Interpretative Layer. To ensure
reproducibility, we propose a semantic intermediate mapping that structures clinical data into a machine-readable
format before the agent processes it. To ensure trust, the system employs an internal grounding process that
synthesizes narrative explanations from validated clinical snippets and laboratory thresholds. Moreover, an
interactive symbiosis is facilitated through a conversational interface linked to existing genomic visualizations.
This interface enables a bi-directional exchange: the AI provides context-aware summaries of dysbiosis patterns,
while the practitioner can conduct further inquiries and provide corrective feedback via the UI. The system
captures these human-in-the-loop interactions in a vector-based expert knowledge base, enabling it to refine
future explanations based on real-world clinical experience without compromising model stability. The proposed
approach emphasizes traceability and interpretative clarity and may serve as an exemplar for regulatory-aware
intelligent visualization systems.
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1. Introduction

The human gut microbiome is increasingly recognized as a critical determinant of systemic health,
playing a fundamental role in the pathogenesis of functional gastrointestinal disorders such as Irritable
Bowel Syndrome (IBS) [1]. Recent advances in high-throughput sequencing and bioinformatic pipelines
have enabled the generation of highly accurate microbial profiles. These complex reports provide a
wealth of quantitative data, including taxonomic abundances, diversity indices, and metabolic markers.
However, the transition from raw genomic artifacts to actionable clinical insights is hindered by a
profound semantic gap for untrained people, such as patients seeking clarity on their well-being
and General Practitioners (GPs), who either lack specialized knowledge of the gut microbiome and
innovative analysis methods or do not have time to process complex reports during quick check-up
office appointments. For such stakeholders, the dense array of bar charts and statistical indices of a
microbiome report remains semantically opaque. On the other hand, specialists still need detailed,
exhaustive information for accurate analyses and diagnoses.

While laboratory reports typically provide static descriptions of individual biomarkers, they often
fail to synthesize these disparate data points into a holistic diagnostic narrative, making it challenging
to correlate the data and consider all significant values (e.g., anomalies in stool color, abundance
of specific phyla) simultaneously. Furthermore, clinical microbiome science is characterized by an
abundance of recent scientific literature yielding experimental results that highlight the relevance
of contextual factors ( demographic, dietary, clinical, or lifestyle factors [2, 3]). Incorporating these
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emerging scientific nuances into a stable, validated knowledge base within a traditional information
system is a slow, regulatory-heavy process. Therefore, even specialists can find it hard to consider all
relevant contextual information at once and provide an accurate diagnosis.

In this position paper, we propose a Symbiotic AI (SAI) approach that bridges this gap by integrating
Large Language Models (LLMs) as Semantic Orchestrators within a trustworthy pipeline. The proposed
approach adheres to the AI2VIS4BigData Reference Model [4] by decoupling analytical processing from
interpretative synthesis.

2. Related Work

2.1. Genomic Data Visualization

The visual representation of genomic and microbiome data is a fundamental prerequisite for translating
raw bioinformatics outputs into actionable clinical insights.

Traditional methods are designed to provide experts with detailed visualizations and provide advanced
statistical computations, such as taxonomic profiling and biodiversity indices [5, 6, 7]. A commercial
example is Microbiome Insights [8], which provides advanced scientific visualizations for practitioners,
including heatmaps showing bacterial abundances, multivariate graphs for comparing samples, cluster-
ing diagrams, and microbial correlation networks. However, such approaches do not fit the use by a
general customer with low health literacy (i.e., the patient) [9].

Specialized frameworks such as phyloseq [7] and MicrobiomeAnalyst [6] are significant examples
that provide reproducible pipelines for statistical and graphical analysis of microbiome census data.
Furthermore, recent platforms such as MicrobioSee [5] and Biovis Diagnosik [10] (see Fig. 1) have
introduced comprehensive web-based visualization toolkits tailored for genomics data reports. There
are also tools for microbiome analysis reports targeted at patients with relatively low digital literacy,
such as Viome [11], which not only provides summary scores (e.g., inflammation activity, metabolic
fitness) but also personalized dietary recommendations. Within the GenDAI European project1, several
authors have worked towards improving clinical metagenomic diagnostics. These efforts led to the
development of a dynamic web platform for visualizing and interactively managing microbiome clinical
reports, which also enables dynamic PDF report generation [12]. This is further supported by a cloud-
based architecture that can provide reproducible, policy-compliant, and trustworthy metagenomic
reporting by embedding data provenance-by-design and policy-as-code enforcement [13]. Moreover,
Krause and colleagues defined a comprehensive and ethically grounded framework that leverages
Genomic Foundation AI Models for biomarker discovery, user-centered interactive reporting tools, and
a long-term data management system [14].

As highlighted by user-centered design studies in clinical contexts, standard static reports or conven-
tional data dashboards typically impose a high cognitive load on general practitioners and patients [9].
This is largely due to their reliance on complex scientific nomenclature and non-contextualized numeri-
cal thresholds. The current challenge lies in developing a interactive interfaces that move beyond the
generic representation of taxonomic data (e.g., phyla abundance, enterotypes, and metabolic scores)
towards adaptive and progressive disclosure techniques that support immediate clinical interpretation.
In the context of genomic applications, Artificial Intelligence (AI) is essential for clinical diagnosis,
from interpreting raw genomic data to high-level clinical reasoning. The AI2VIS4BigData Reference
Model [4] provides a comprehensive framework for developing visualizations based on AI systems that
process big data, such as genomic data, covering every step from data processing to user interaction.

2.2. LLMs in Healthcare for Clinical Diagnoses

With technological advances in AI of recent years, particularly Large Language Models (LLMs), practi-
tioners in the healthcare domain can now be properly supported by these technologies in diagnostic

1https://project-gendai.eu/

https://project-gendai.eu/


External ID

Name
First Name

Date of Birth
Sex Male

Order ID
Order Date 04.05.2022

Sampling Date
Sample Material

03.05.2022 08:30
FE, T909

Validation Date
Validation on 10.05.2022

Findings Status
Findings Date

Final Report
10.05.2022

Test Result Unit Standard Range Previous ResultSample Material
Method

Stool Diagnostics

Molekulargenetische Mikrobiomanalyse Maxi NEU

Molecular genetic microbiome analysis 3.0

Stool Properties

Colour brown FE
 NA) VISU

Consistency tough pasty FE
 NA) VISU

pH 7,1 5,8 - 6,5 FE
 NA) TESTS

Biodiversity

Diversity 5,23 > 5 FE
 NA) MGSEQ

Grad
The bacterial diversity in the intestinal tract may vary considerably
from person to person. Antibiotic therapies, infections, increasing age,
unbalanced diets or smoking are causes of declining diversity.

Enterotype

Prevotella FE
 NA) MGSEQ

Enterotyp
Human intestinal microbiomes can be differentiated into three Enterotypes.
Enterotypes are defined by dominant bacterial clusters with distinct metabolic
properties.

Dysbiosis index

 NA) RECHN

Index

The dysbiosis index represents a measure of deviations within the microbiome.
Depending on their relevance, all detected phyla, genera and species are
considered.

Ratio

Firmicutes / Bacteroidetes
Standard Range: < 1,5

Actinobacteria / Proteobacteria
Standard Range: > 0,5

Prevotella / Bacteroides
Standard Range: > 0,1

FE=stool, T909=stool * cooperate analytics (R), A) accredited, NA) not accredited
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Name
First Name

Date of Birth
Sex Male

Order ID
Order Date 04.05.2022

Test Result Unit Standard Range Previous ResultSample Material
Method

Phyla

Actinobacteria 1,7 % 1,0 - 5,0 FE

 NA) MGSEQ

Bacteroidetes 62,1 % 30 - 60 FE

 NA) MGSEQ

Firmicutes 34,0 % 30 - 60 FE

 NA) MGSEQ

Fusobacteria 0,0 % 0,0 - 1,0 FE

 NA) MGSEQ

Proteobacteria 1,6 % 1,5 - 5,0 FE

 NA) MGSEQ

Verrucomicrobia 0,1 % 1,5 - 5,0 FE

 NA) MGSEQ

Other 0,5 % FE

 NA) MGSEQ

Metabolome (functional groups)

Secondary bile acids %-34,1

TMA / TMAO %-42,6

Indoxyl sulfate %-50,0

Phenols %-33,8

Ammonia %-41,3

Histamine %-50,0

Equol %-44,7

Beta glucuronidases %-49,6

Bacteria Phyla - most important genera and species

Actinobacteria

Bifidobacterium 1,4 x 10^10 CFU/g faeces > 5,0 x 10^9 FE

 NA) MGSEQ

   Bifidobacterium adolescentis % FE

 NA) MGSEQ
78

Bacteroidetes

Bacteroides 9,1 x 10^10 CFU/g faeces > 1,5 x 10^11 FE

 NA) MGSEQ

   Bacteroides uniformis % FE

 NA) MGSEQ
33

   Bacteroides ovatus % FE

 NA) MGSEQ
18

Prevotella 4,1 x 10^11 CFU/g faeces > 1,0 x 10^10 FE

 NA) MGSEQ

   Prevotella copri % FE

 NA) MGSEQ
41

Firmicutes

Butyrate producing bacteria

Total bacteria count 1,2 x 10^11 CFU/g faeces > 1,2 x 10^11 FE

 NA) MGSEQ

Faecalibacterium prausnitzii 5,4 x 10^10 CFU/g faeces > 5,0 x 10^10 FE

 NA) MGSEQ

Eubacterium rectale 8,2 x 10^8 CFU/g faeces > 1,0 x 10^10 FE

 NA) MGSEQ

Eubacterium hallii 1,7 x 10^10 CFU/g faeces > 5,0 x 10^9 FE

 NA) MGSEQ

Roseburia spp. 3,4 x 10^9 CFU/g faeces > 2,0 x 10^10 FE

 NA) MGSEQ

Ruminococcus spp. 3,9 x 10^10 CFU/g faeces > 3,0 x 10^10 FE

 NA) MGSEQ

Coprococcus spp. 6,3 x 10^9 CFU/g faeces > 2,0 x 10^10 FE

 NA) MGSEQ

Butyrivibrio spp. 2,9 x 10^9 CFU/g faeces > 5,0 x 10^9 FE

 NA) MGSEQ

Clostridia

Clostridia total bacteria count 1,2 x 10^9 CFU/g faeces < 4,0 x 10^9 FE

 NA) MGSEQ

Clostridia Cluster I 1,0 x 10^5 CFU/g faeces < 2,0 x 10^9 FE

 NA) MGSEQ

   Clostridium histolyticum < 1,0 x 10^5 CFU/g faeces < 2,0 x 10^9 FE

 NA) MGSEQ

   Clostridium perfringens < 1,0 x 10^5 CFU/g faeces < 1,0 x 10^8 FE

 NA) MGSEQ

   Clostridium sporogenes < 1,0 x 10^5 CFU/g faeces < 1,0 x 10^8 FE

 NA) MGSEQ

Other Firmicutes

Christensenellaceae 1,8 x 10^9 CFU/g faeces > 1,0 x 10^9 FE

 NA) MGSEQ

FE=stool, T909=stool * cooperate analytics (R), A) accredited, NA) not accredited
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Figure 1: Microbiome analysis detail extracted from a sample report by Biovis Diagnostik, describing summary
indices (Dysbiosis index, major ratios) and Firmicutes distribution [10]

processes [15, 16, 17, 18]. LLMs can provide an adaptive interpretative layer that translates high-
dimensional data into natural-language summaries, thereby improving user understanding and reducing
clinician burden [19, 20]. LLMs can also serve as a valuable source of information and education for
patients, potentially enhancing communication with practitioners [21]. Moreover, the possibility of
providing LLMs with external knowledge—which can be referred to as Retrieval Augmented Generation
(RAG)—makes these AI models particularly fitting for incorporating new knowledge into their reasoning
context, ultimately providing more accurate outputs [22, 23].

2.3. Symbiotic AI (SAI) and Human-in-the-loop vs. Human-on-the-loop

Modern visualization frameworks and LLMs have the potential to improve user efficiency in healthcare
applications and in genomic data analysis. However, using these technologies without proper orches-
tration is insufficient to bridge the clinical semantic gap and convey deep medical insights. Symbiotic
Artificial Intelligence (SAI) approaches can be used to integrate intelligent agents directly within the
analytical and decision-making workflow. SAI systems can be defined as Human-Centered AI systems
powered by a symbiosis of human intelligence and artificial intelligence [24]. This means that SAI systems
benefit from human-AI collaboration, which should augment the abilities of both the user and the AI
system. In the domain of healthcare, this can mean that the expert user (e.g., the practitioner), who
benefits from AI suggestions to increase their efficiency, can instruct the system when it is wrong,
eventually improving its future performance [25]. This bi-directional communication can also be
conceived as a continuous negotiation of the user’s and the AI’s mental models, according to the Mutual



Theory of Mind [18].
When dealing with Human-Centered AI systems, we can define two interaction paradigms: Human-

in-the-Loop (HITL) and Human-on-the-Loop (HOTL) that define the degree and nature of human agency
within an automated system [24]. A HITL approach establishes a bidirectional relationship in which the
human is an active participant in the decision-making process; the AI is not treated as an autonomous
“oracle” but as a supportive collaborator that learns from continuous human expertise. In contrast, the
HOTL paradigm prioritizes AI autonomy for high-efficiency tasks, positioning the human as a supervisor
who monitors the system’s behavior and intervenes only to correct errors or handle exceptions through
specialized interfaces. While HITL focuses on co-creation and constant interaction, HOTL focuses on
oversight and intervention.

3. Proposed Architecture: The Symbiotic Interpretative Framework

The tool we propose in this work is based on previous work conducted on the Anonymized Project
and is structured as a layered interpretative information system for analyzing microbiome data with a
Symbiotic AI approach. We map our architecture to the AI2VIS4BigData reference model [4] as follows:

1. Data Management & Curation – A Semantic Intermediate Mapping (SIM) layer transforms
raw genomic artifacts into grounded semantic tokens using JSON-LD formatting.

2. Analytics – An LLM Orchestrator and a Similarity Engine map current profiles to historical
expert cases and laboratory standards.

3. Interaction & Perception – The UI provides a multi-resolution narrative that adapts to different
user roles through semantic zooming and bidirectional visual linking.

4. Insight & Effectuation – An Expert Knowledge Base (EKB) captures and redistributes expert
Contextual Exceptions via Human-On-The-Loop (HOTL) oversight.

3.1. Data Management & Curation: The SIM Layer

To bridge the gap between low-level genomic analysis and upper-level clinical reasoning, we implement
a Semantic Intermediate Mapping (SIM) layer. This layer prepares and curates raw data for downstream
analytics and serves as the ground truth anchor for the top-level Large Language Model (LLM).

The raw output of the microbiome analysis—consisting of stool parameters (color, consistency, pH),
metabolome values, phyla abundances (e.g., Firmicutes, Bacteroidetes), phyla ratios, and other core
indeces (Biodiversity, Shannon, Butyrate, Inflammation, Dysbiosis)—is transformed into a structured
JSON-LD (Linked Data) schema:

𝒯 ∶ D𝑟𝑎𝑤 → S𝐿𝐷
whereD𝑟𝑎𝑤 represents the high-dimensional genomic artifacts and S𝐿𝐷 is the resulting JSON-LD schema.
This schema maps numerical values to their respective laboratory reference intervals and several textual
descriptions previously validated by experts, which can be considered Gold Standards. These Gold
standard descriptions can, e.g., summarize what a Phylum is (“Firmicutes is an abundant phylum in the
gut, includes butyrate-producing bacteria that are important for intestinal balance”) or describe what an
off-range value means (“Stool color: whitish – Possible biliary obstruction, carefully monitoring needed.”).

This formal curation prevents the LLM from interacting directly with raw data, rather providing
the model with a solid, curated knowledge base in textual and structured format, which helps prevent
hallucinations and increases traceability.

3.2. Analytics: The Semantic Orchestrator and Contextual Exceptions

The Analytics layer in the reference model typically handles the generation of models and insights. The
proposed tool re-envisions this layer as a Semantic Orchestrator.

The core analytical intelligence resides in the LLM-based synthesis agent, which retrieves Gold
Standard snippets and expert annotations to construct a context-aware narrative for interpreting the



microbiome analysis report at a high level. Simultaneously, this layer uses a similarity engine to retrieve
relevant clinical exceptions for a patient by searching the Expert Knowledge Base (EKB). We can refer
to these as Contextual Exceptions.

3.2.1. Contextual Exceptions

When a specialist identifies a clinical nuance that challenges or expands upon the “Gold Standard” static
description (e.g., a specific dietary confounding factor [26]), they can submit a Contextual Exception.
For example, while a low Shannon index is universally flagged as a potential sign of dysbiosis (associated
with metabolic syndrome, IBS, and reduced resilience to pathogens), in elite athletes or individuals who
are undergoing excessive training, a transient decrease in microbial diversity due to physiological stress
can be considered normal [1]. Similarly, the Firmicutes/Bacteroidetes (F/B) ratio is highly sensitive
to lifestyle factors: while an increased F/B ratio is normally considered as a hallmark of an “obese-
type” microbiome (associated with increased energy harvest from the diet), in a lean patient with a
high-carbohydrate, high-fiber intake, a high F/B ratio may be a neutral marker of high fermentation
activity [3]. Finally, low diversity (lower Shannon index) and higher Proteobacteria abundance are
associated with antibiotic use and can thus be taken as a sign of temporary recovery if that is the
case [2].

3.2.2. Anchor-Weighted Similarity Matching

To ensure that a contextual exception is retrieved only when it is clinically relevant, we must define a
distance metric between two clinical profiles. First of all, let 𝑃 denote a Patient Profile, defined as a
vector in an 𝑛-dimensional space ℝ𝑛, where 𝑛 represents the total number of features in the comprehen-
sive microbiome report (including patient demographics, R4DQ results describing IBS symptoms [27],
taxonomic abundances, metabolic indices, Bristol scale results describing stool characteristics [28]).

• 𝑃𝑛𝑒𝑤 = [𝑣1,𝑛𝑒𝑤, 𝑣2,𝑛𝑒𝑤, … , 𝑣𝑛,𝑛𝑒𝑤] represents the current Patient Profile under analysis.
• 𝑃𝑒𝑥 = [𝑣1,𝑒𝑥, 𝑣2,𝑒𝑥, … , 𝑣𝑛,𝑒𝑥] represents a historical Exception Profile stored in the EKB, which
carries a specialist’s contextual annotation.

• 𝑣𝑖 denotes the normalized value of the 𝑖-th feature (e.g., the abundance percentage of Proteobac-
teria or the numeric Dysbiosis Index).

We then define the EKB containing 𝑀 contextual exceptions defined by practitioners as:

𝒦𝑖 = ⟨𝑃𝑒𝑥, 𝑇𝑒𝑥, 𝐴𝑒𝑥⟩

EKB = (𝒦1,𝒦2, … ,𝒦𝑀)

where 𝑃𝑒𝑥 is the full microbial profile (the “whole report”), 𝑇𝑒𝑥 is the textual description, and

𝐴𝑒𝑥 ⊆ {1, … , 𝑛𝑎}, 𝑛𝑎 < 𝑛

is the set of Anchors—the specific feature indices identified by the expert as the primary clinical drivers
for the exception (e.g., Shannon index, Beta-glucuronidase levels).

The similarity between a new patient profile 𝑃𝑛𝑒𝑤 and a historical exception 𝑃𝑒𝑥 is determined by a
Local Weighted Distance. Unlike global weighting schemes, our approach utilizes the Anchors 𝐴𝑒𝑥 to
dynamically inform the importance of features during retrieval:

𝑑(𝑃𝑛𝑒𝑤, 𝑃𝑒𝑥) =
√

𝑛
∑
𝑖=1

𝑤𝑖(𝑣𝑖,𝑛𝑒𝑤 − 𝑣𝑖,𝑒𝑥)2

where the weight 𝑤𝑖 is a function of the expert’s anchors:

𝑤𝑖 = {
𝛼 if 𝑖 ∈ 𝐴𝑒𝑥
𝛽 if 𝑖 ∉ 𝐴𝑒𝑥



with 𝛼 ≫ 𝛽. This structure ensures that, while the entire report is considered (to maintain context), the
features the expert anchored their reasoning upon are given clinical precedence.

At the point of expert intervention, a Specialist establishes a persistent link by creating a tuple
⟨𝑃𝑒𝑥, 𝑇𝑒𝑥, 𝐴𝑒𝑥⟩ that binds the qualitative insight (𝑇𝑒𝑥) to the quantitative evidence (𝑃𝑒𝑥) through the
expert’s rational anchors (𝐴𝑒𝑥).

Upon the ingestion of a new profile 𝑃𝑛𝑒𝑤, the Semantic Orchestrator performs a similarity scan across
the EKB. For every candidate exception, the system dynamically recalculates the feature weights 𝑤𝑖
based on the stored anchor set 𝐴𝑒𝑥.

An exception is retrieved and presented in the UI as a “Contextual Insight” only if the distance falls
below a defined fidelity threshold 𝜖, which is calibrated to ensure high-fidelity matching, preventing
the cross-contamination of expert advice across profiles that are only superficially similar:

Display Exception ⟺ 𝑑𝑤(𝑃𝑛𝑒𝑤, 𝑃𝑒𝑥) < 𝜖

At the end, the LLM then synthesizes the retrieved 𝑇𝑒𝑥 into the patient’s overview, providing an
expandable visual bridge that highlights the specific bar charts or indices corresponding to 𝐴𝑒𝑥 within
the current report to justify the association. This enables the GP to verify the specialist’s thought
process—e.g., “This insight is shown because your patient’s Beta-glucuronidase and pH levels match a
historical profile annotated by a specialist. Click here to compare the full profiles”.

3.3. Interaction & Perception: Multi-Resolution Narrative UI

The Interaction and Perception layer is implemented within the proposed architecture as a dashboard
that uses semantic zooming to support three distinct stakeholder resolutions. The LLM acts as an
adaptive interface, modulating its output based on the stakeholder’s profile:

• Low Resolution (Patient): The engine prioritizes understandability by providing high-level,
qualitative summaries focusing on lifestyle and general well-being. Technical taxonomic data is
abstracted into functional summaries (e.g., “Bacteria responsible for fiber digestion”).

• Medium Resolution (General Practitioner): The narrative shifts toward actionable decision
support. It highlights correlations across different cards of the report, linking summary indices
(e.g., Dysbiosis Index) to specific microbial drivers, to assist the GP in determining whether a
specialist referral is required.

• High Resolution (Specialist): The engine provides a high-density, anomalies-first synthesis.
It bypasses basic definitions and focuses on the intersection of the entire dataset, identifying
non-obvious patterns in the high-dimensional microbial landscape.

Furthermore, we devise a bidirectional link between the narrative text and the visual bar charts to
ensure the user’s perception of the AI’s summary is always anchored in quantitative visual evidence.
Specifically, when the LLM generates a narrative summary, key entities (e.g., Inflammation Score) serve
as interactive triggers: clicking them automatically highlights and scrolls to the corresponding bar
chart in the report (e.g., such as the ones depicted in Fig. 1).

A conversational interface is always present to allow the user to interact with the report by: (i)
asking a generic question regarding the report, (ii) clicking on a specific entry and receiving a detailed
explanation in the chat about what it means and what the value indicates (e.g., whether it is outside
reference intervals), or (iii) asking a follow-up question to receive further insights. Apart from the
report itself, the LLM engine is prompted about the user role (i.e., patient, GP, or specialist) to adapt its
default level of detail and scientific terminology.

3.4. Insight & Effectuation: Expert Knowledge Capture

The Insight and Effectuation layer of the AI2VIS4BigData model employs a symbiotic feedback loop
between the human user and the analytical engine. GPs and specialists can access the contextual



exceptions, which appear as non-intrusive, expandable pop-ups. These can provide them with insights
from other specialists.

Specialists have access to the contextual exceptions submission functionality. Before submitting it,
the practitioner can use the conversational interface to validate or refine their theses with the LLM.
When a contextual exception is provided, this interaction is captured as a knowledge tuple and fed back
into the Analytics layer (the EKB). This ensures that the system’s intelligence is not static but evolves
with time as experts use the tool and provide insights for specific clinical cases.

In fact, while gold-standard descriptions constitute an initial knowledge base that covers common
knowledge and basic cases, medical knowledge is non-static and characterized by a long tail of contextual
nuances that are too numerous and variable to be codified in a rigid expert system. On the other
hand, an LLM-mediated exception layer allows the system to keep up with clinical discovery without
compromising the integrity of the validated laboratory core. Moreover, this approach maintains the
gold-standard knowledge base as a stable, regulated anchor to ensure clinical safety and regulatory
compliance (e.g., adherence to the IVDR 2017/746 standards [29]).

HOTL Curation To secure the system against data poisoning, we adopt a Human-on-the-Loop
(HOTL) curation model for the feedback loop. While any authorized specialist can submit a contextual
exception, these are marked as “Provisional” until a senior curator periodically reviews and promotes
them to the global EKB. This prevents subjective or conflicting advice from degrading the system’s
reliability and ensures it can provide a documented audit trail of how and why its interpretative logic
has been updated over time, maintaining regulatory compliance.

4. Discussions and Future Work

4.1. Managing Expert Conflict

The primary challenge of the proposed approach is the potential for expert conflict. Specifically,
two specialists may disagree and provide different diagnoses for similar cases. As a result, a GP (or
another specialist) would be exposed to not only the AI summary but also to two additional contrasting
suggestions. The solution we propose is that another senior practitioner acts as a curator and verifies
all contextual exceptions before they are considered by the system for future diagnoses. However,
this approach bears problems of (i) efficiency, as the curator becomes the bottleneck in the system, (ii)
biased data, as all contextual exceptions are exclusively the ones approved by the curator, based on
their knowledge (and beliefs), and (iii) responsibility overload, as the curator becomes accountable for
any medical suggestions to be considered by the AI.

To address this problem, future work will investigate a “Specialist Consensus” mechanism to vet
exceptions and explore the legal implications of AI-mediated medical annotations under the EU AI
Act [30].

4.2. Towards a Holistic Clinical Reasoning Engine

While the proposed tool focuses on the interpretative synthesis of microbiome reports, the ultimate goal
is to transition toward holistic clinical reasoning. This extension would involve integrating a Phenotypic
context Layer that augments the microbial profile with additional patient data, including age, gender,
weight/BMI, historical clinical records, lifestyle, and dietary habits.

To manage the “noise” inherent in subjective patient reporting, we propose the ingestion of validated
clinical instruments into the similarity engine. For example, dietary patterns can be captured via Food
Frequency Questionnaires (FFQ) [31], gastrointestinal symptom clusters can be categorized using the
Rome IV Criteria [27], and physical activity levels would be quantified via the International Physical
Activity Questionnaire (IPAQ) [32]. By mapping this quantitative information onto objective clinical
scales, they can be integrated into the proposed weighted distance formula 𝑑𝑤 as additional contextual
data.



To further support the analysis of the resulting high-dimensional data into a holistic reasoning
process, the tool should possess research capabilities to retrieve literature from medical databases
(e.g., PubMed) and identify experimental findings specific to a patient’s unique clinical context. This is
especially needed given the sheer volume of newmedical studies and practitioners’ cognitive limitations,
exacerbated by high-pressure medical contexts [18].

Technical Challenges The transition to a holistic engine introduces significant technical challenges.
First of all, with a larger number of features, the so-called “curse of dimensionality” threatens the efficacy
of Euclidean distance metrics; hierarchical similarity matching, in which microbial and phenotypic data
are processed in nested layers, will be investigated in future work.

Secondly, transforming unstructured medical notes of previous medical records into structured
ontologies for direct comparison between similar cases is not trivial and needs thorough experimentation
(e.g., applying Named Entity Recognition pipelines).

Finally, managing Protected Health Information (PHI) within an LLM-mediated environment necessi-
tates highly private data processing, rendering commercial tools such as GPT or Gemini unusable in
the first place. Therefore, it is strictly necessary to explore locally deployed inference models and apply
appropriate anonymization techniques to ensure compliance with global data protection regulations
(e.g., GDPR) [33].

5. Conclusions

In this position paper, we presented an approach for high-level interpretation of microbiome data for
clinical diagnosis that combines deterministic algorithms and LLMs in a Symbiotic AI tool. Various
users (patients, GPs, and specialists) can leverage natural-language interaction combined with existing
visualization techniques to obtain insights at different levels. Notably, with the proposed approach,
specialists can extend the AI model’s knowledge to provide colleagues with diagnoses grounded both
in validated literature and their own insights.

While this position paper aims to present a novel approach at the crossroads of Symbiotic AI,
medicine/bioinformatics, and information visualization, the next imminent step is to implement (and
validate with users) the proposed approach in a web platform to support diagnosis in current microbiome
analysis reports.
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