Individual Thesis

dIAgnosis: A MULTI-MODEL LLM PLATFORM FOR CLINICAL
DECISION SUPPORT

Panagiotis Menelaou

UNIVERSITY OF CYPRUS

DEPARTMENT OF COMPUTER SCIENCE

May 2026




UNIVERSITY OF CYPRUS
DEPARTMENT OF COMPUTER SCIENCE

dIAgnosis: A Multi-Model LLM Platform for Clinical Decision Support

Panagiotis Menelaou

Supervisor

Prof. Elpida Keravnou-Papailiou

The Individual Thesis was submitted in partial fulfilment of the requirements for the
Degree of Computer Science of the Department of Computer Science of the University

of Cyprus

May 2026

11



I declare that this dissertation and any accompanying software are my own original
work, conducted in full compliance with the University of Cyprus Code of Conduct for
Research (https://www.ucy.ac.cy/legislation/kodikas-deontologias-kai-politikes/), and
with full accountability on my part for the accuracy, integrity, and validity of all

content.

i1



Acknowledgements

I would like to express my deepest gratitude to my thesis supervisor, Professor Elpida
Keravnou-Papailiou who guided, supported and advised me throughout the year. Her
knowledge, experience and expertise had a significant impact on the outcome of this

thesis, and I am truly grateful for her guidance.

I would also like to thank my family and friends for their continuous support, which kept

me motivated and disciplined to do well on this journey.

Finally, I would like to thank all the medical students who participated in my survey,

whose contributions played a crucial role in the assessment of this work.

v



Abstract

Large Language Models (LLMs) are increasingly demonstrating significant potential in
healthcare, ranging from medical documentation to real-time diagnostic reasoning
support. However, their clinical integration remains limited by serious liabilities,
including hallucinations, probabilistic inconsistency, and data privacy constraints. In
high-stakes environments where diagnostic errors can cause significant patient harm,
relying on an unverified, single-model output introduces significant risk. This thesis
presents dIAgnosis, a fully functioning web-based platform that coordinates an
asynchronous Mixture-of-Agents (MoA) pipeline to deliver a structured, multi-model
second opinion for clinical decision support. The system handles structured clinical inputs
(patient history, vital signs, telemetry, and laboratory findings) and routes them in parallel
to an ensemble of independent worker LLMs across disparate providers (OpenAl,
Anthropic, Google Gemini, and Groq). A dedicated aggregator model (GPT-5.1)
synthesizes these individual worker drafts into a unified, structured clinical report
conforming to a strict JSON schema. The dIAgnosis platform features longitudinal patient
monitoring via historical consultation tracking, bedside clinical calculators, an automated
external evidence retrieval system grounded in the NCBI PubMed database, and an
automated multi-stage panel debate workflow. Furthermore, an internal administrative
subsystem evaluates report validity using biomedical text embeddings (PubMedBERT)
to perform structural quality assurance, panel consensus analysis, and semantic
divergence profiling. The architecture was evaluated on a clinician-informed rolling
benchmark of ten distinct medical cases. The model panel achieved a 100% Top-3 hit rate
and a 0% unsafe omission rate, indicating excellent diagnostic coverage, although it did
not consistently surpass the single strongest frontier model in absolute Top-1 diagnostic
accuracy. Preliminary usability testing via a medical student survey revealed a strong
consensus that multi-model architecture, explicit alignment metrics, and minority opinion
tracking substantially elevate clinician trust and visual safety calibration compared to

traditional standalone systems.



IHepiinyn

Ta Meydro I'hocoud Movtéha Tapovctdlovy avEavOUEVEG TPOOTTIKEG GTOV TOUEN TNG
vyelag, KOAOTTOVTOS Vo EVPY PAGHO. EPAPUOYADV A0 TNV KAVIKT TeKunpimon éog v
VOGTNPLEN KMVIKOV amopAce®V. QoTOC0, 1 EVOOUATOGT TOVG GTNV KAWVIKY TpAén
TapePmOdileTor ONUOVIIKG 00 KPIGUOVS TEPLOPIGUOVS, OMMG Ol «TAPUcHNGE)
(hallucinations), 1 mOAVOAOYIKT] OIGVVETELD KOl Ol TEPLOPIGUOT GTNV TPOCTUGIO TMOV
TPOCOTIK®OV 0E00UEVOVY. Zg TEPIPAAAOVTO VYNAOD KIvOHVOL, OTOV TO Ol0yVOOTIKA
COAALOTO UTOopoLV Vo TpokaAécovy cofapr] PBAAPN otovg acBeveic, N AmTOKAEIGTIKN
Baciudtto oto amoteEAEoUATO EVOC Kot LOVO U ETOANDELUEVOL LOVTEAOVL £YKLUOVEL
coPapovg kvdvvovg. H mapovsa dwutpipn mapovoidler to dIAgnosis, pion TANP®S
AELTOVPYIKT S1AOIKTLOKY TAATEOPLO 1) OTTOT0. GUVTOVILEL Lo AGVYYPOVI OPYLTEKTOVIKT
Mixture-of-Agents pe okomd TV ToPOY | UG SOUNUEVNG, TOAV-LOVIEMKNG OEVTEPNG
YVOUNGS Yo TV VTTOoTNPIEN KAMVIKGOV amo@doemy. To cuatnua d€xeTon do unpuéva KAVIKA
dgdopéva Kot o Tpowbel TopdAANAo o o OpAd0 aVEEAPTNTOV LOVIEAWDV-EPYOUTOV
(worker models) and dapopetikovg mapdyovg (OpenAl, Anthropic, Google Gemini kot
Groq). Xt ovvéyela, £va e€eldtkevpuévo povtérlo-ocuvhéng (aggregator model, GPT-5.1)
OVOADEL KO GUYYMVEVEL TIG EMUEPOVG OlOYVMOOELS O [l eViaio, OOUNUEVT] KAVIKN
ovVOQOPA OV GCLUUOPPOVETOL HE &va avotnpd oynuoe popeomoinong JSON. H
mhateopua  dIAgnosis vmootnpilel dwaypovikny mapoakoiovOnon acbevov pécw
KOTOYPOPNG TOL 1GTOPLKOD TWV EMOKEYEWDV, EVOOUATOUEVOLS KAVIKODS VITOAOYIOTEG,
€Vl QLTOHOTOTOMUEVO GUGTNUO OVAKTNONG €EMTEPIKAV EMOTNUOVIKOV TEKUNPlV
Baciopévo ot Paom dedopévav NCBI PubMed, kabmg kat pio mpootpetikn dtodikacio
TOAV-UOVTEMKNG avTimapdBeong Kot dtaldyov (panel debate). EmumAéov, éva ecwteptkod
vrocLoTNA dlayeiplong AEIOAOYEL TNV €YKLPHTNTO TOV OVOPOPDOY YPTCLULOTOLDVTOG
Bloiatpikéc evompatmoelg keypwévov (PubMedBERT), ektehdvtag dopukd TOlOTIKO
ELEYY0, OVAALGT GLVOLIVEST|G KOl TPOGOTIOPIGLO G LOGIOAOYIK®Y ATOKAMGEWV HETAED TV
povtélowv. H apyrtektovikn tov ovothiuatoc aftodoyndnke pécm &vog Ovuvopukon
ouvorov dokipu®v (benchmark) mov mepihdpPave 10 daxpitd roTpikd TEPIGTATIKA
Baciopéva oe mpaypotikd kKMvikd ogdopévo. H opdda tov poviéhwv métuye T0G0oTd
evromiopov 100% otig tpeig emkpatéotepeg owayvaoelg (Top-3 hit rate) kot 0% mocootd
EMKIVOLVOV TOPOAEIYEDV, OTOSEIKVIOVTOS EEPETIKT SLOYVOOTIKE KAADYT], OV KO OEV

Eemépace oTabepd TO 1GYVPATEPO UEUOVOUEVO HOVIEAD GE OOALTY aKpifelo TPOTNG

vi



emaoyng (Top-1 accuracy). Ilpoxatapktikég SokiUEG evypnotiog HECH €pEvvVOC OE
QOUTNTEG 10TPIKNG €0e1Eav OTL M TOAD-HOVTEMKN OPYLTEKTOVIKN, Ol capelg Ogikteg
€LOLYPALUIONC KOl 1) KATOYPOPT TOV ATOYEMY TNG LELOYNGLOG EVIGYVOVV CTUOVTIKE TV
EUTIGTOCLVI] TOV KAVIKOV YLOTp®V Kot TN Babpovoumon tov Topapétpmy ac@areiog oe

GLYKPLON UE T TAPUOOGIOKA LELOVOUEVO GUCTILOTA.
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Chapter 1 — Introduction

1.1 Overview of Large Language Models in Healthcare 1
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1.3 Objectives and Contributions 4
1.4 Thesis Structure 5

1.1 Overview of Large Language Models in Healthcare

A large language model (LLM) is a type of artificial intelligence (Al) trained on vast
datasets using self-supervised learning, enabling it to interpret and generate human-like
language [1]. The transformer architecture is the most widely adopted approach, where
the model learns to predict the next word in a sequence, allowing it to produce coherent
and contextually relevant responses [1]. LLMs are becoming a part of everyday life. Their
capabilities over the recent years have been significantly expanding across all fields, with
new models surpassing their predecessors as leading technology companies compete for
the best outcome by pushing their boundaries to the limits [1]. Unlike traditional software
that produces deterministic outputs, LLMs are probabilistic systems that generate
responses based on learned statistical patterns rather than verified facts. This means that
even the most advanced models can produce outputs that are confident in tone, yet
factually incorrect, a phenomenon commonly referred to as hallucination [2]. This
limitation becomes especially serious in fields where decisions directly affect human life,

most notably healthcare, where an incorrect or misleading output is not merely an



inconvenience but a potential source of serious harm. Hallucinating is just one of several

limitations that make the adoption of LLMs in high-stakes fields particularly challenging.

Nonetheless, healthcare is benefiting with LLMs, from clinical documentation and
automation to clinical decision making in real-time, acting as a vital tool for doctors and
medical experts [1]. Apart from reduced reliability, LLMs in the medical domain carry
other serious risks: inconsistent outputs, data privacy concerns or even potential biases
which make their uncritical usage a liability for most [1]. Addressing these limitations is
therefore essential to move toward a safer and more structured incorporation of artificial
intelligence (Al) into clinical decisions, one that clearly supports rather than replaces the

critical judgement of experienced clinicians.

One of the main challenges facing LLMs in healthcare is the limited availability of
training data [3]. Medical data is highly sensitive and subject to strict privacy regulations,
which restricts how much of it can be used to train and improve these models. Without
access to diverse and representative clinical data, LLMs struggle to perform reliably
across different patient populations and medical contexts. A gradual and carefully
managed introduction of Al into healthcare settings, starting with lower-risk applications
and expanding over time as trust and safety are established, offers a more responsible path

toward realizing the full potential of these models in medicine [4].

1.2 The Multi Model Architecture

A single-model architecture relies on one Al model to handle all aspects of a task
independently, without input from other models. A multi-model architecture, by contrast,
involves multiple models working together, either collaborating by sharing outputs, or
operating in defined roles such as proposers and aggregators, to produce a more robust

and reliable final result [5].



By nature, LLMs are not designed to be optimal in every aspect. Different models excel
in different scenarios, and no single model currently outperforms all others across every
task [5]. Much like humans, who each bring their own strengths and weaknesses, real
impact and progress comes when individual capabilities are combined toward a common
goal. The same principle applies to LLMs. By combining their independent outputs, each
backed by its own distinct training data and architecture, the final result becomes
significantly more reliable and complete than what any single model would produce alone
[6]. This concept is known as multi-LLM collaboration. The most practical form for real-
world applications is text-level collaboration, where each model's output becomes the
input to another, allowing models to build on, verify, and refine each other's reasoning

possibly reducing error and improving trust [5].

However, simply combining random models is not enough. Research has shown that
using multiple copies of the same model, or models with very similar training, creates an
echo chamber effect, where models reinforce each other's errors rather than correcting
them, and debate converges on a single unchanging answer regardless of whether it is
correct [7]. True diversity requires models that differ not only in their output but in their

underlying training data, architecture, and provider.

That said, applying multi-model collaboration within the medical domain introduces
additional challenges that go beyond simply combining outputs. Compatibility between
models, the interpretability of their responses, and strict data privacy requirements, all
impose significant constraints that general-purpose ensemble methods were not designed
to handle [6]. Most existing approaches to LLM ensembles focus on open-ended tasks
and do not account for the specific demands of clinical applications, such as structured
outputs, domain-specific knowledge, and the need for explainable reasoning that

clinicians can trust and act on.

Despite these challenges, the evidence points clearly in one direction. Ensemble methods

consistently outperform individual models on medical benchmarks, suggesting that the



path toward more reliable clinical Al lies not in perfecting a single model only, but in

combining multiple models in a structured and carefully designed way [6].

1.3 Objectives and Contributions

The main goal of this diploma project was to explore whether multiple LLMs working
together could provide a more structured and trustworthy form of clinical decision support
than a single model alone. Even though evidence exists that multi-model approaches
outperform individual models, this idea has not been widely applied in the medical field,
which is arguably where it is needed most. Critical reasoning, debate between different
perspectives, and reaching a considered conclusion are exactly the qualities that clinical

decision-making demands.

dIAgnosis is a fully working multi-model clinical decision support platform that gives
medical professionals access to a structured second opinion on any clinical case. The
system sends each case to multiple worker models from different providers, collects their
independent assessments, and passes them to an aggregator model that produces a
finalized clinical report. The platform also supports longitudinal patient monitoring

through follow-up visits, maintaining a full consultation history for each patient.

The main contributions of this work are:

e A fully working multi-model clinical decision support platform

e A standardized worker prompt pipeline using models from multiple providers

e An aggregator model producing structured JSON clinical reports



e Alongitudinal follow-up system with patient history tracking

e Optional debate round for second-pass review between model outputs

e Worker draft preservation allowing traceability of each model's individual

reasoning

e A set of bedside clinical calculators and PubMed evidence lookup

e Internal validity metrics covering schema compliance and safety checks on every

consultation

e PubMedBERT-based semantic consistency analysis for internal research use

e A clinical benchmark system with 10 clinician-informed cases comparing panel

vs single model performance

e A rolling benchmark allowing cases to be run individually and results aggregated

over time

1.4 Thesis Structure

This thesis is organised into six chapters:

e Chapter 1 introduces the problem, the motivation behind the work, and the

contributions of the platform.



Chapter 2 covers related work in the areas of large language models in medicine,
ensemble approaches, hallucination and safety, and existing clinical decision

support systems.

Chapter 3 presents the requirements analysis and system specifications, including
functional and non-functional requirements, target users, system assumptions, and

a use case diagram.

Chapter 4 presents the technologies and tools used to develop the platform,
including the frontend, backend, database, LLM APIs, evidence retrieval, and

configuration/security tools.

Chapter 5 describes the system design and implementation, including the
architecture, backend design, multi-model reasoning pipeline, aggregation
process, database design, evaluation subsystem, frontend workflows, safety

considerations, code structure, data flow, and interface screenshots.

Chapter 6 concludes the thesis with a conclusion, limitations of the current system,

a medical student survey and directions for future work.



Chapter 2 - Related Work

2.1 Large Language Models in Clinical Practice 7
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2.3 Evolution of Clinical Decision Support Systems 11
2.4 Existing Clinical Decision Support Systems 13
2.5 Positioning of This Work 16

2.1 Large Language Models in Clinical Practice

Building on the general overview presented in Chapter 1, this section examines the
specific ways LLMs have been applied in clinical practice and what the given research

has revealed so far, along with their challenges and limitations.

Because of their ability to process and reason over large amounts of clinical information,
LLMs can personalize responses based on individual patient data, which can prove useful
for clinicians as a support tool [8]. Remote diagnosis is another area that can benefit
greatly from LLMs, giving both patients and clinicians access to structured reasoning
support regardless of location. Clinical report generation saves clinicians significant time
and effort, allowing them to focus on more demanding tasks rather than routine
documentation. Medical decisions require synthesis from various sources in order to

reach a good diagnosis and prognosis, which is exactly what LLMs are capable of doing

[8].



Systems like DDx PaLM-2 demonstrate this in practice, enabling interactive diagnosis
assistance where clinicians and the model work together iteratively to arrive at a
conclusion [8]. Similarly, NYUTron was trained on hospital data and showed strong
performance in predicting in-patient mortality and readmission risk [8]. These systems
show that when LLMs are fine-tuned on domain-specific medical data, their clinical
usefulness increases significantly. General purpose models such as GPT-4 and GPT-3.5
have shown remarkable performance on medical question answering tasks, outperforming
even expert clinicians on benchmarks like the USMLE medical licensing exam [8]. This
i1s a clear indication that LLMs should not be underestimated in clinical settings.
Nevertheless, when it comes to more complex open-ended tasks, general LLMs tend to
underperform compared to models that have been fine-tuned specifically on medical

datasets, which is expected given the specialized nature of clinical work [8].

In one study, ChatGPT achieved 60.3% accuracy in differential diagnosis based on patient
history alone, rising to 76.9% when additional test results were provided [9]. While these
numbers leave room for improvement, they represent a meaningful baseline for a general-
purpose model operating in a specialised domain. Interestingly, LLMs have shown
particular strength in rare and complex cases, where they have been shown to surpass
average population consensus in reaching a correct diagnosis [9]. In patient triage,
performance was comparable to that of resident physicians, suggesting real potential for

LLM:s in time-pressured clinical workflows [9].

A Harvard study published in Science found that Al identified the correct or near-correct
diagnosis in 67% of emergency triage cases, outperforming human doctors who achieved
50-55% accuracy under the same conditions [ 10]. In treatment planning, the gap was even
more pronounced. Al scored 89% compared to 34% for physicians using conventional
resources like search engines [10]. These results suggest that LLMs are moving beyond
passing medical exams and are beginning to demonstrate genuine clinical value in real-
world settings [8]. This shift is already reflected in practice. Nearly one in five US
physicians now use Al to assist with diagnosis [10]. The study tested only text-based

patient data, leaving out critical signals like patient distress and physical appearance that



clinicians rely on. As of the EU, a WHO/Europe report found that 74% of EU countries
are already using Al-assisted diagnostics and 63% use Al chatbots to support patient
engagement [11]. All 27 EU member states recognize improved patient care as a primary
driver of Al development, and nearly half have already created dedicated professional
roles for Al and data science in health [11]. The focus is now shifting toward workforce
training, ensuring clinicians can critically engage with these tools rather than simply

adopting them uncritically [11].

Despite the promising results discussed above, several limitations and challenges prevent
LLMs from being fully integrated into clinical practice. While research has shown that
LLMs can perform impressively on diagnostic tasks, medicine is a domain where

imperfect outputs carry serious consequences.

A study found that only 33% of GPT-4 generated discharge summaries were completely
error-free, and the model only caught 80 out of 280 clinically relevant drug interactions
that established tools would normally flag [12]. When tested on real patient cases, LLMs
fell behind physicians by 16 to 25 percentage points, especially when clinical information
was spread out over time [12]. Bias is a problem too. Over 90% of medical LLMs show
measurable gender and racial bias, which could mean different patients receive different
quality recommendations for no clinical reason [12]. Legal accountability is also
unresolved. Nobody has figured out who is legally responsible when an LLM gets
something wrong, if it is the clinician, the hospital, or the developers [12]. What is perhaps
most concerning is that injecting a tiny amount of misinformation into training data, as
little as 0.001% was enough to increase harmful outputs by 4.8%, and standard

benchmarks failed to catch it [12].

Table 2.1.1 summarizes the main limitations identified across the literature [8]. These
issues do not make LLMs useless, but they do make it clear that relying on a single model

output without any checks is not a safe approach in medicine.



Limitation Description

Hallucination Models generate confident but factually
incorrect outputs, which in a clinical setting can
lead to misdiagnosis or inappropriate treatment
recommendations.

Training Data Cutoff LLMs are trained on data up to a fixed date and

cannot account for  recent medical
developments, new treatments, or updated

clinical guidelines.

Domain Data Limitations

Medical datasets are small, private, and difficult
to access due to privacy regulations, limiting

how well models can be trained on clinical data.

Black Box Problem Clinicians cannot see how the model reached its
conclusion, making it difficult to verify, trust, or
challenge the output.

Behaviour Alignment General purpose LLMs do not naturally respond

with clinical precision and may produce answers
that are too vague or conversational for medical

use.

Privacy and Security

Patient data entered into LLM systems raises
serious privacy concerns, and models may

inadvertently leak sensitive information.

Regulatory and Accountability Gaps

No established framework exists for
determining responsibility when an LLM

contributes to a wrong clinical decision.

Table 2.1.1 — Main limitations of LLMs in clinical practice

Sources: [2], [3], [8]
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2.2 Multi-Model Approaches and Mixture of Agents

Single model approaches have clear limitations as discussed in the previous section.
Combining multiple models produces more consistent, structured, and less error-prone
outputs than relying on any individual model alone [13]. One of the most relevant
frameworks in this space is the Mixture-of-Agents (MoA) approach [13]. A multi-agent
framework is a structured approach in which multiple Al agents, each with a defined role,
collaborate within a shared environment to complete a task [13]. The framework
coordinates how agents interact, share information, and contribute to a final output,
providing a more organized and transparent form of Al reasoning [13]. The MoA
framework works by dividing models into the roles of proposers and an aggregator. The
proposers independently generate responses to the same input, while the aggregator
synthesizes all proposer outputs into a single high-quality response. The aggregator does
not simply pick the best answer but critically evaluates all inputs and produces a refined,
comprehensive output. Wang et al. demonstrated that this approach outperforms GPT-40
on multiple benchmarks using only open-source models, while being twice as cost

effective as GPT-4 Turbo [13].

In the medical domain, this kind of structured multi-model collaboration has been largely
absent [6]. Most clinical Al systems rely on a single model output with no cross-checking
or synthesis mechanism, which is arguably the domain where such checks are needed
most [6]. dlAgnosis directly addresses this gap by implementing a Mixture of Agents
architecture. Multiple worker models act as proposers, each independently assessing the
same clinical case, and a dedicated aggregator model synthesizes their outputs into a

single consolidated clinical report.

2.3 Evolution of Clinical Decision Support Systems

A clinical decision support system (CDSS) is a health information technology tool
designed to analyze patient data and history in order to assist clinicians in making more

informed medical decisions [14]. These systems aim to improve patient outcomes by
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delivering relevant knowledge and recommendations at the right time during the care

process [14].

CDSSs have a longer history than many realize, evolving through four distinct phases
over several decades [14]. In phase 1, the earliest systems dating back to 1959, used
analogue methods. One example is sorting cards representing diagnoses against patient
symptoms to suggest a differential. While innovative for their time, these standalone
systems were inefficient, required manual data entry, and were limited to specific clinical
domains. Phase 2 brought integration with early centralized clinical data repositories and
nascent hospital information systems, beginning with the HELP system in Utah in 1967,
the first to embed decision support directly into clinical workflows. This solved the
problem of manual data entry and allowed systems to be proactive but created a new
limitation: decision support content could not easily be shared or reused across
institutions [14]. Phase 3 addressed this by introducing standards for sharing clinical
knowledge such as the Arden Syntax, developed in 1989. These standards allowed
decision support content to be encoded, stored and shared across institutions, overcoming
the isolation problem of integrated systems. Still, phase 3 came with its own drawbacks.
Too many competing standards existed, and any encoding standard inherently limited
what could be expressed within it to what the original authors had anticipated. Ifa clinical
need fell outside the scope of the standard, there was no way to represent it [14]. Phase 4
went further by separating decision support from clinical systems entirely through APIs
and virtual medical record (VMR) interfaces. This modular approach allowed decision
support to be consumed by any compatible system, regardless of the underlying platform

[14].

Despite decades of development across all four phases, traditional CDSS remained
constrained by rigid rule-based logic, narrow clinical scope, and limited ability to reason
over unstructured clinical language. The emergence of LLMs represents a fundamental
shift, replacing fixed rules with probabilistic reasoning over natural language and
enabling a new generation of decision support tools capable of handling the complexity

and variability of real clinical cases.
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Building on the four architectural phases described above [14], the emergence of LLMs
could be considered a fifth phase in the evolution of clinical decision support [9]. Unlike
previous phases which required structured inputs and predefined rules, LLMs can reason
over free text, handle ambiguity, and generalize across clinical domains in ways that

earlier systems could not.

2.4 Existing Clinical Decision Support Systems

In current clinical settings, a wide range of CDSS tools exist. They vary from traditional
EHR-integrated systems to newer Al-based platforms. In the US clinical decision support
vendor market, Epic Systems Corporation leads at 27.1% market share across 1,886
hospital installations, followed by Oracle Cerner, now renamed Oracle Health, at 18.5%
with 1,291 installations [15]. Both platforms have evolved significantly, embedding Al
features such as predictive analytics, voice-driven documentation, and point-of-care
decision support into their EHR systems [16], [17]. However, these systems remain
primarily embedded workflow platforms. Although they increasingly include Al-enabled
features, their main role is still to support documentation, prediction, order entry, and

EHR-based workflow.

Beyond traditional EHR-integrated systems, a new generation of Al-powered standalone
tools has emerged to address the limitations of rule-based decision support. These tools
are widely used by clinicians to assist with differential diagnosis, clinical planning, and
evidence retrieval. The most prominent among them are Isabel DDx, UpToDate Expert
Al, Glass Health, and OpenEvidence, each offering distinct capabilities. A detailed
comparison of these tools against d[Agnosis is presented in Table 2.5.1 in Section 2.5. A

brief description of each tool follows:

e [Isabel DDx

Isabel DDx is one of the most established Al-powered differential diagnosis tools,

with over 22 years of clinical validation and continuous refinement [18]. Clinicians
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enter patient demographics, clinical features, lab results, and imaging findings, and
the system generates a ranked list of diagnoses filtered by age, sex, and region. Results
are color-coded by likelihood and include red-flag conditions that must not be missed,
as well as medications that may have caused the presenting symptoms [18]. Despite
its longevity and breadth, Isabel relies on a curated diagnostic knowledge base rather

than LLM-based free-text reasoning.

e UpToDate Expert Al

UpToDate Expert Al is a conversational clinical assistant backed by evidence-based
content curated from over 7,600 clinicians [19]. It allows clinicians to ask clinical
questions and receive traceable answers with inline citations, follow-up question
support, drug information, and voice input. Unlike Isabel DDx, it is not a differential
diagnosis generator. It is primarily an evidence retrieval tool, and it remains grounded

in a single curated knowledge base.

e Glass Health

Glass Health is a subscription-based Al platform designed for physicians to formulate
differential diagnoses and clinical plans based on patient symptoms and history [20].
It provides evidence-based treatment options, assists with documentation through
templates, and includes a community library where clinicians can share and access
medical knowledge. Publicly available descriptions of Glass Health focus on single-

assistant diagnosis, planning, and documentation support.

e OpenEvidence

OpenEvidence is an Al-powered evidence retrieval platform that draws from peer-
reviewed sources to provide clinicians with evidence-based recommendations at the
point of care [21]. According to company-reported figures, by mid-2025 it was used
daily by over 40% of US physicians across more than 10,000 hospitals [21].
OpenEvidence also launched DeepConsult, an Al agent built specifically for

physicians. This feature is positioned as an agentic research tool that can analyze and
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cross-reference large numbers of peer-reviewed studies to generate structured

research summaries [21].

However, all the deployed systems reviewed above are primarily single-system or single-
assistant tools. In contrast, recent research has begun exploring multi-agent architectures,
where multiple LLM agents contribute independent or role-specific reasoning before a
final answer is produced [22]. These studies demonstrate the potential of multi-agent

LLM frameworks in clinical diagnosis.

A study developing a Multi-Agent Conversation (MAC) framework inspired by real
clinical multidisciplinary team discussions found that MAC significantly outperformed
single models including GPT-3.5 and GPT-4 on rare disease diagnosis [23]. Optimal
performance was achieved using four doctor agents and one supervisor agent, a structure
that closely mirrors how clinical teams reason collaboratively in practice. MAC also
outperformed other established methods including Chain of Thought and Self-
Consistency approaches [23]. These findings suggest that multi-agent architectures
represent a meaningful step forward in clinical Al, toward a more collaborative form of

reasoning.

This is beginning to translate into real-world practice as well. BJC Healthcare is currently
piloting LLM-enhanced multi-agent systems for end-of-life care planning, demonstrating
that health systems are starting to move beyond single-model chatbot tools toward agentic

clinical workflows [22].

Despite the variety of tools reviewed and the growing body of research into multi-agent
approaches, existing multi-model frameworks have been evaluated primarily on
benchmarks and remain research prototypes. One example is MDAgents, where multiple
LLMs collaborate to assess a diagnosis as a group of agents, resembling real-world
medical decision making (MDM) [24]. Deployed clinical tools therefore remain centered
on single-assistant interaction, while the integration of multi-model consensus into a

general-purpose clinician-facing platform remains largely unexplored.
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2.5 Positioning of this work

This section compares dlAgnosis against the Al-powered clinical decision support tools
reviewed in Section 2.4. While each tool offers valuable capabilities, they share several
common limitations. Most rely on fixed, domain-specific knowledge bases or curated
datasets rather than general-purpose LLM reasoning. Several focus primarily on evidence
retrieval rather than active differential diagnosis support. Critically, none employ a multi-
model consensus mechanism where independent models assess the same case, and an
aggregator synthesizes their outputs. Table 2.5.1 compares dIAgnosis against selected Al-
powered clinical decision support tools based on publicly available product
documentation. The comparison focuses on functional presence rather than performance,

regulatory status, or clinical validation.

v indicates that the feature is explicitly described in public documentation.
~ indicates partial or adjacent functionality.

X indicates that the feature could not be verified from public documentation.

Feature Isabel DDx | UpToDate | Glass Health | OpenEvidence | dIAgnosis
Expert AI

Ranked J ~ v X v
Differentials

Red-Flags and N4 ~ N4 ~ V4

Warnings

Evidence v v Vv v v
Lookup

Drug ~ ~ ~ ~ ~
Interaction

Checking
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Inline ~ v v v X
Citations

Voice Input X N4 v ~ X
EHR/EMR v ~ v ~ X
Integration

Multilingual v ~ v X X
Support

Structured X ~ v v v
Clinical

Report

Patient X X v v v
Handout

Multi-Model X X X X v
Consensus

Patient Folder X X ~ ~ v
with History

Table 2.5.1 — Comparison of CDSSs and dIAgnosis

Sources: official product documentation and publicly available feature descriptions for

each tool [18], [19], [20], [21].

As shown in Table 2.5.1, the tools reviewed do not all serve the same purpose. Some are
primarily differential diagnosis generators, while others function mainly as evidence
retrieval assistants. Positioned among them, d[Agnosis covers a broad range of clinical
features despite being a first version developed by a single person. While the concept of
synergistic multi-modelling has legacy roots in second-generation deep expert systems,
its modern instantiation using generative Large Language Models as autonomous agents
represents a new frontier, with commercial platforms only beginning to experiment with
agentic medical workflows as of 2026 [22]. It is important to note that dIAgnosis has not

undergone professional clinical testing or regulatory validation and cannot be compared
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to these tools on performance or safety grounds. The comparison here is limited to feature

presence based on publicly available documentation.
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3.1 Introduction

This chapter presents the requirements analysis and system specifications of the
dIAgnosis platform. It defines the target users of the system, outlines the functional and
non-functional requirements that guided its development, and presents a use case diagram
that captures the main interactions between users and the system. Understanding these
requirements is essential for contextualizing the design and implementation decisions

described in the following chapters.

3.2 Requirements Analysis

This section outlines the functional and non-functional requirements that guided the

development of dIAgnosis. Functional requirements define what the system must do,
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while non-functional requirements define how the system must behave in terms of

performance, reliability, security, and usability.

3.2.1 Functional Requirements

Functional requirements describe what the system must do. They define the main

features, actions, and behaviors the application must support.

The system shall:

e Accept structured clinical case input including patient demographics, vital

signs, symptoms, medical history, medications, allergies, and test results.

e Send each clinical case to multiple worker LLM models from different

providers running in parallel.

e Collect and store each worker model's independent output as a separate draft.

e Pass all worker drafts to a dedicated aggregator model for synthesis.

e (Generate a structured JSON clinical report containing ranked differentials,
assessment, investigations, red flags, safety warnings, certainty level, and a

patient handout.

e Display the final report across clinician-facing tabs including the clinical
report, risk tools, evidence lookup, and optional debate review, while

providing a separate analytics dashboard for internal evaluation.

20



e Support longitudinal patient monitoring through follow-up visits, maintaining

a full consultation history for each patient.

e Support PubMed evidence lookup based on the leading differential diagnosis,

suggested investigations, and safety signals.

e Provide bedside clinical calculators as decision support tools.

e Support importing and running clinical benchmark cases to compare panel vs

single model performance.

e Store all consultations, worker drafts, and evaluation metrics in a persistent

database.

e Allow clinicians to manage patient folders, rename visits, delete consultations,

and create follow-ups from the sidebar.

e Perform internal structural quality checks on every generated report.

e Perform semantic panel consistency analysis using PubMedBERT

embeddings to detect divergent worker outputs.

3.2.2 Non-Functional Requirements

The non-functional requirements describe the quality constraints and operational

properties expected from the dIAgnosis prototype.
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Performance

— The system shall run worker model calls concurrently so that the total
consultation time is determined mainly by the slowest model response
rather than the sum of all model response times.

— The system shall provide visible progress feedback while the panel is
running, including a loading state during model querying and report

generation.

Reliability

— The system shall tolerate individual worker model failures. If one model
fails, times out, or returns invalid JSON, the failure shall be stored and
displayed without preventing successful worker outputs from being
reviewed.

— The system shall normalize and validate generated report fields before

display so that missing or malformed sections do not crash the frontend.

Security

— The system shall keep all LLM provider API keys outside the frontend.
API credentials shall be loaded from environment variables or a local
environment configuration file and used only by backend/server-side
code.

— The frontend shall not display API keys, raw environment configuration,

or sensitive provider credentials.

Usability

— The interface shall guide the user through the consultation workflow

using clearly separated sections for patient identification, vitals,
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history, symptoms, presentation, report review, evidence, debate, and
analytics.

— The final report shall be presented in a structured tabbed layout so that
urgent concerns, summary information, diagnoses, investigations, and

safety warnings can be located without reading raw model output.

Consistency

The aggregator output shall follow a fixed JSON schema containing the
same required report fields for every consultation.

The frontend shall render reports using the normalized schema so that
reports generated from different model combinations maintain a consistent

layout and terminology.

Maintainability

The implementation shall separate major responsibilities into distinct
modules, including frontend interface, backend API, database models,
CRUD operations, LLM orchestration, report utilities, evidence retrieval,
evaluation, and configuration.

Model selection and provider configuration shall be isolated from the core
workflow so that model changes do not require rewriting the consultation

or report-generation logic.

Scalability

Safety

The system shall allow the model panel size and model providers to be
changed through configuration.

Adding a new worker model shall require updating the model
configuration and provider-call logic only, without changing the database

schema or frontend report layout.
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— Every generated report shall include a visible clinical safety disclaimer.
— The system shall present outputs as decision support only and shall include
red flags, warnings, and escalation information where relevant, rather than

presenting the generated diagnosis as definitive.

e Portability

— The system shall run as a Python-based prototype using installable
dependencies and local configuration.
— The prototype shall support local SQLite persistence so it can be run

without requiring an external database server.
e Transparency
— The system shall preserve worker drafts separately from the aggregated
report so that the final consensus can be traced back to individual model
outputs.
— The system shall expose internal support and agreement metrics so that

users can inspect whether the final report was strongly or weakly

supported by the worker panel.

3.3 Specifications

This section presents the system specifications of dlAgnosis, covering the target users,

system constraints, assumptions, and a use case diagram.

3.3.1 Target Users
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The primary target users of dlAgnosis are medical professionals, including doctors,

clinicians, and physicians, who may require structured decision support during clinical

consultations. The platform is intended to function as a second opinion and reasoning-

support tool rather than as a replacement for clinical judgement. A secondary user group

consists of medical students and trainees, who may use the platform in supervised

educational contexts to submit clinical cases, review multi-model outputs, and compare

the generated reasoning with their own clinical reasoning. Researchers may also use the

platform to study multi-model clinical reasoning behavior and to run clinical benchmark

evaluations comparing panel-based outputs with single-model performance.

3.3.2 System Constraints and Assumptions

The following constraints and assumptions apply to the current version of dIAgnosis:

The system always requires a stable internet connection, as all LLM inference is
performed through external provider APIs rather than locally hosted models. Valid
API keys must be configured for the required provider services. In the current
implementation, OpenAl is required for final aggregation, while additional

provider keys enable the multi-model worker panel.

The system is dependent on third-party LLM providers. Any changes to provider
pricing, model availability, rate limits, or API structure may affect system
behavior without modification to the platform itself. Model outputs are
probabilistic and non-deterministic, meaning that identical inputs may produce

different outputs across runs.

dIAgnosis has not undergone clinical validation or regulatory review of any kind.
It is a research prototype and should not be used for actual clinical decision
making without appropriate professional oversight. The system is explicitly

designed as a decision support tool and does not claim diagnostic authority.
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e The platform has not been tested for concurrent multi-user deployment. It is
designed for single-user or demonstration use and may experience performance

degradation under simultaneous access from multiple users.

e The system assumes that all clinical input is provided in English. Non-English

inputs are not supported and may produce unreliable outputs.

e The quality of the system output is directly dependent on the quality of the clinical
information entered by the user. Incomplete, inaccurate, or ambiguous input will

reduce the reliability of the report generated.

e The system assumes that the clinician using the platform has sufficient medical
knowledge to critically evaluate the generated output and will not act on it without

applying their own professional judgement.

3.3.3 Use Case Diagram

Figure 3.3.1 presents a main use case of dIAgnosis from the clinician’s perspective. The
clinician can complete a structured clinical intake, view the generated clinical report, ask
follow-up questions, inspect supporting evidence, use clinical calculators, manage patient

records, and create follow-up visits for returning patients.
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Figure 3.3.1 - Use Case Diagram for dIAgnosis
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4.1 Introduction

This chapter presents all the technologies and tools used in the development of dIAgnosis.
For each technology, a brief description is provided along with its specific role within the
platform. The chapter is organised by category, covering the development environment,
frontend and backend frameworks, database technologies, LLM APIs, embedding and

evidence retrieval libraries, ending with configuration and security tools.

4.2 Development Environment

4.2.1 Visual Studio Code
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Visual Studio Code is a lightweight but powerful open-source code editor developed by
Microsoft. It supports a wide range of programming languages and offers features such
as syntax highlighting, intelligent code completion, debugging, and an integrated
terminal. Visual Studio Code was used as the primary development environment for
dIAgnosis due to its extensive Python support, its Git integration, and its large ecosystem

of extensions that streamlined the development process [25].

4.2.2 Python

Python is a high-level, object-oriented programming language known for its simplicity,
flexibility, and clean syntax. It offers a vast ecosystem of libraries and frameworks
covering everything from web development to machine learning and runs across all major
operating systems. Python was chosen as the primary language for dIAgnosis due to its
extensive support for Al and data science libraries, its modular structure, and its

compatibility with all the frameworks and APIs used in the platform [26].

4.2.3 Virtual Environment and Dependency Management

A virtual environment encapsulates all the libraries and dependencies required for a
project, isolating them from the global Python installation. This ensures that the exact
versions of each library used in dlAgnosis are preserved and that the project can be
recreated consistently on any machine. The virtual environment contains no project code

and can be deleted and rebuilt at any time from the requirements file [27].

4.2.4 Git/Version Control

Git is the most widely used version control system in the world. It tracks changes to files
over time, allowing developers to monitor the history of a project, revert to previous

states, and collaborate effectively. All source code was tracked using Git, allowing
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changes to be monitored and maintained in a structured development history. The project
repository 1s hosted on GitHub at https://github.com/PanagiotisM003/dIAgnosis,
providing a remote backup and a clean record of the codebase for submission and review

[28].

4.3 Frontend Technologies

4.3.1 Streamlit

Streamlit is an open-source Python framework designed for building interactive data
applications with minimal effort. It is widely used by data scientists and AI/ML engineers
to rapidly develop and deploy web-based interfaces without requiring frontend
development expertise. Streamlit was chosen for dIAgnosis due to its clean and
responsive user interface, its extensive built-in components for data visualisation and

layout, and the ease with which applications can be deployed and shared [29].

4.3.2 Pandas

Pandas is an open-source Python library that provides flexible and efficient data structures
for data manipulation and analysis [30]. It is widely used in data science and engineering
for handling tabular data. In dIAgnosis, Pandas is used primarily in the admin dashboard
and benchmark analytics to organise, filter, and display consultation data and benchmark

results in structured table format.

4.3.3 Plotly

Plotly is an open-source Python library for creating interactive, publication-quality charts
and visualisations. In dIAgnosis, Plotly is used in the admin dashboard to render the

internal QA quality profile charts and the panel consistency trend charts, providing
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clinicians and researchers with a visual overview of system performance across

consultations [31].

4.3.4 FPDF2

FPDF2 is a lightweight Python library for generating PDF documents programmatically.
It is the successor of the original PyFPDF library and is designed for simple and fast PDF
creation without external dependencies. In dIAgnosis, FPDF2 is used to generate
downloadable PDF versions of the final clinical report, allowing clinicians to save and

share structured consultation outputs [32].

4.4 Backend Technologies

4.4.1 FastAPI

FastAPI is a modern, high-performance Python web framework for building APIs. It
offers performance comparable to NodeJS and Go, while remaining easy to use and fast
to develop with. FastAPI was chosen for dlAgnosis as the backend framework due to its
speed, its automatic generation of interactive API documentation, and its native support
for asynchronous operations which is essential for managing parallel LLM API calls

across multiple worker models [33].

4.4.2 Uvicorn

Uvicorn is a lightweight Asynchronous Server Gateway Interface (ASGI) web server for
Python, designed to serve asynchronous web applications. In dIAgnosis, Uvicorn is used
to run the FastAPI backend, enabling the server to handle asynchronous requests
efficiently, particularly important when managing concurrent LLM API calls during

multi-model consultations [34].

31



4.4.3 Pydantic

Pydantic is the most widely used data validation library for Python, known for its speed
and reliability. It uses Python type hints to define and enforce data schemas, making it
easy to validate incoming requests and outgoing responses. In dIAgnosis, Pydantic is used
to define the request and selected response models for the FastAPI backend, ensuring that
clinical case inputs and generated report outputs conform to the expected structure before

being processed or stored [35].

4.4.4 HTTPX

HTTPX is a fully featured HTTP client for Python that supports both synchronous and
asynchronous APIs, as well as HTTP/1.1 and HTTP/2. In dIAgnosis, HTTPX is used for
HTTP communication with external services, including asynchronous LLM provider
requests in the backend and PubMed E-utilities requests in the evidence lookup module

[36].

4.5 Database Technologies

4.5.1 SQLite

SQLite is a C-language library that implements a fast, self-contained, and highly reliable
SQL database engine. Unlike client-server databases, SQLite stores the entire database in
a single file on disk, requiring no separate server process or configuration. It was chosen
for dlAgnosis due to its simplicity, portability, and suitability for a single-user research

prototype where a lightweight local database is sufficient [37].

4.5.2 SQLAlchemy
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SQLAIchemy is a Python SQL toolkit and Object Relational Mapper that allows
developers to interact with databases using Python objects rather than writing raw SQL
queries. It provides a high-level abstraction over the database layer while still allowing
full control over the underlying SQL when needed. In dIAgnosis, SQLAlchemy is used
to define and manage the database models for consultations and worker drafts, handling

all database operations in a structured and maintainable way [38].

4.5.3 aiosqlite

aiosqlite is a Python library that provides an asynchronous interface to SQLite databases.
It allows SQLAIchemy to perform database operations without blocking the event loop,
which is essential in an async FastAPI application. In dIAgnosis, aiosqlite serves as the
async driver that enables non-blocking database reads and writes during multi-model

consultations [39].

4.6 LLM APIs

4.6.1 OpenAI API

The OpenAl API provides programmatic access to OpenAl’s language models, allowing
developers to integrate advanced Al capabilities directly into their applications. In
dIAgnosis, the OpenAl API is used both within the worker panel and for final report
aggregation. The OpenAl model can act as an independent worker alongside models from
Groq, Anthropic, and Google Gemini, while the aggregator model synthesizes all worker
outputs into the final structured clinical report. This design separates the independent
reasoning stage from the synthesis stage, even when the same provider is used for both

roles [40].

4.6.2 Groq API
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Groq is an Al inference provider that offers API access to a range of large language
models with a focus on extremely fast inference speeds. Unlike some larger providers,
Groq specialises in low-latency model serving, making it particularly suitable for
applications that require rapid responses. In dIAgnosis, the Groq API is used to access
additional worker models from different providers, contributing to the genuine model

diversity that the multi-model consensus architecture depends on [41].

4.6.3 Anthropic API

The Anthropic API provides programmatic access to Claude, Anthropic's family of large
language models. In dIAgnosis, the Anthropic API is used as an additional worker model
provider, further diversifying the panel of models contributing to the multi-model

consensus pipeline [42].

4.6.4 Gemini API

The Google Gemini API gives access to Google's Gemini models, which are among the
most capable general-purpose language models currently available. In dIAgnosis, Gemini
is included as one of the supported worker model providers, adding another distinct
perspective to the multi-model panel and strengthening the diversity of reasoning across

the consultation pipeline [43].

4.7 Embeddings and Evidence Retrieval

4.7.1 Sentence-BERT / SentenceTransformers

SentenceTransformers is a Python library for computing text embeddings using pre-
trained transformer models. It converts text into dense vector representations that capture
semantic meaning, enabling similarity comparisons between pieces of text. In dIAgnosis,

SentenceTransformers is used with the PubMedBERT model to compute embeddings of
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worker model outputs and measure semantic similarity between them, supporting the

semantic panel consistency analysis in the admin dashboard [44].

4.7.2 PyTorch

PyTorch is an open-source deep learning framework that provides tensor computation and
automatic differentiation capabilities. In dIAgnosis, PyTorch is not used directly in the
application logic but serves as a required dependency for the SentenceTransformers

library, which relies on it to load and run the PubMedBERT embedding model [45].

4.7.3 NCBI E-utilities / PubMed

The NCBI E-utilities are a set of server-side programs that provide programmatic access
to the Entrez database system at the National Center for Biotechnology Information
(NCBYI), including PubMed which contains over 35 million biomedical literature records.
They accept structured URL-based queries and return results in standard formats such as
XML and JSON. In dIAgnosis, the E-utilities API is used by the evidence lookup module
to retrieve and rank relevant PubMed articles based on the leading differential diagnosis

generated in the clinical report [46].

4.8 Configuration and Security Tools

4.8.1 python-dotenv

python-dotenv is a Python library that reads key-value pairs from a .env file and loads
them as environment variables at runtime. In dIAgnosis, python-dotenv is used to manage
all sensitive configuration values including API keys for OpenAl, Groq, Anthropic, and
Google Gemini, ensuring they are kept outside the source code and never exposed in

version control [47].
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4.8.2 Streamlit Secrets

Streamlit Secrets is a built-in secrets management feature provided by the Streamlit
framework. It allows sensitive configuration values to be stored in a dedicated secrets file
that is kept separate from the application code. In d[Agnosis, Streamlit Secrets is used on
the frontend side to store and access the backend API URL and the frontend-to-backend

API key without hardcoding them in the source code [48].

4.8.3 FastAPI Middleware

dIAgnosis implements a custom HTTP middleware in the FastAPI backend that inspects
every incoming request before it reaches any route handler. If a valid API key is not
present in the request headers, the middleware rejects the request immediately, preventing
unauthorised access to the backend endpoints. This restricts backend access to clients that

possess the configured API key [49].
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5.1 Introduction

This chapter describes the design and implementation of dIAgnosis, focusing on how the

system was structured and how its main features were built. While the previous chapter
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introduced the technologies used, this chapter explains how those technologies were
combined to form a working clinical decision-support prototype. The system follows a
modular architecture, separating the user interface, backend logic, database layer, external
model providers, evidence retrieval, and evaluation tools. This separation made the

platform easier to develop, test, maintain, and extend.

The chapter also presents the reasoning workflow used by dlAgnosis. A clinical case is
entered through the Streamlit frontend, processed by the FastAPI backend, sent to several
large language model providers, and then combined into a structured consensus report.
Additional functions, such as longitudinal follow-up, PubMed evidence lookup, internal
quality assessment, benchmark evaluation, debate rounds, and PDF export, are also

described. Together, these components form the full implementation of the prototype.

5.2 System Architecture Overview

dIAgnosis was designed as a web-based system with a clear separation between the
frontend, backend, database, and external services. The frontend is implemented using
Streamlit and provides the main interface used by the clinician or researcher. It is
responsible for collecting clinical information, displaying generated reports, showing
visual analytics, and offering access to evidence lookup, debate, follow-up, and

administrative tools.

The backend is implemented using FastAPI and acts as the main processing layer of the
system. It receives structured requests from the frontend, validates the incoming data,
manages the multi-model reasoning pipeline, stores results, and returns structured
responses. The backend communicates with external LLM APIs through asynchronous

HTTP requests, allowing several model calls to be handled efficiently.

The database layer uses SQLite with SQLAlchemy and aiosqlite. It stores consultations,

worker model outputs, final reports, evaluation results, clinical benchmark cases, and
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benchmark runs. External services include OpenAl, Groq, Anthropic, Google Gemini,
and NCBI E-utilities for PubMed evidence retrieval. Configuration and security are

handled through environment variables, Streamlit secrets, and an API-key middleware

Figure 5.2.1 shows the general system architecture of dIAgnosis. The clinician interacts
with the Streamlit frontend, which sends authenticated HTTP requests to the FastAPI
backend. The backend manages the multi-model reasoning process, communicates with
external LLM providers, stores consultation data in the SQLite database layer, and
supports evaluation and benchmarking. PubMed evidence retrieval and

configuration/security components are also shown as supporting parts of the system.

Configuration and Security

.env environment variables
.streamlit/secrets.toml
X-API-Key request header
.gitignore secret exclusion

’ Clinician / Researcher

clinical input and
dashboard use

Frontend Layer

Streamlit UI
Pandas tables and analytics
Plotly QA visualisations
FPDF2 PDF export
SentenceTransformers +
PyTorch embeddings
Streamlit Secrets

HTTP requests with X-API-

evidence looku
Key R

«

Backend Layer

FastAPI routes
FastAPI API-key middleware Evidence Retrieval
Pydantic schemas
HTTPX async requests NCBI E-utilities
Multi-LLM orchestration PubMed literature records
QA and benchmark
evaluation
python-dotenv

read/write consultations

model requests
and results a4

External LLM APIs
Database Layer
OpenAI APIL
Groq API
Anthropic API
Google Gemini APL

SQLAlchemy ORM
aiosqlite async driver
SQLite database file

Figure 5.2.1 — General System Architecture of dIAgnosis
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5.3 Backend Design and Implementation

The backend is the central coordination layer of dIAgnosis. It exposes the API endpoints
used by the frontend and manages the main system operations. FastAPI was used because
it supports asynchronous request handling, structured request validation, and automatic
API documentation. This was particularly useful because the system depends on multiple

external API calls, especially during the multi-model reasoning stage.

The backend includes endpoints for generating a consultation report, retrieving
consultation history, deleting or renaming records, running debate rounds, follow-up chat
with single-model, importing clinical benchmark cases, running benchmark evaluations,
and retrieving aggregate benchmark results. These endpoints are defined in the backend
application and use Pydantic models to ensure that incoming requests follow the expected

structure.

A custom API-key middleware is also implemented in the backend. When
the API_KEY environment variable is configured, incoming requests must include the
correct X-API-Key header. This provides a simple access-control mechanism between
the frontend and backend. If no API key is configured, the system can still run openly

during local development.

5.4 Multi-Model Reasoning Pipeline

The main reasoning process of dlAgnosis is based on a multi-model worker pipeline.
Instead of relying on a single model response, the backend sends the same structured
clinical prompt to several configured LLMs. Each model acts as an independent worker
and produces its own assessment, ranked differential diagnoses, suggested investigations,

red flags, warnings, certainty level, and patient-facing explanation.
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The worker models are selected from the MODELS list in backend/models_config.py.
Each model configuration contains an internal identifier, provider name, provider-specific
model name, display name, and enabled status. During a consultation, the backend first
filters this list to include only models marked as enabled. If a maximum number of models
is provided, the system then selects the first enabled models up to that limit. In the current
consultation workflow, the frontend sends max models = 5, so the five enabled

configured models are used.

The worker calls are executed in parallel using Python asynchronous execution. In the
backend, query all() creates one asynchronous task for each selected model and runs
them together using asyncio.gather(). Therefore, the total waiting time is mainly affected
by the slowest model response rather than the sum of all model response times. This is
why the interface can convene a five-model panel without waiting for each provider

sequentially.

After the worker responses return, the backend normalizes the outputs. If a model returns
valid JSON, its response is marked as successful and stored as a worker draft. If a model
fails, times out, or returns invalid JSON, the failure is recorded with that model’s status
instead of stopping the whole pipeline. The system only stops report generation if all

worker models fail.

The successful worker drafts are then passed to a dedicated aggregator model. In the
current implementation, the aggregator uses GPT-5.1 through the OpenAl API. The
aggregator receives the structured patient context together with the worker outputs and
produces the final JSON consensus report. The worker panel consists of five enabled
models: GPT-5.1 from OpenAl, Llama-3.3-70B Versatile from Groq, Qwen-3-32B from
Groq, Claude Sonnet 4.5 from Anthropic, and Gemini 3 Pro Preview from Google. These
models were selected to provide provider diversity across the panel, rather than relying
on multiple models from a single provider. The aggregator model is also configured
separately in the backend and is used after the worker stage to synthesize the independent

drafts into the final report. The following table shows their role in the implementation:
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Role Provider Model

Worker OpenAl GPT-5.1
Worker Groq Llama-3.3-70B Versatile
Worker Groq Qwen-3-32B
Worker Anthropic Claude Sonnet 4.5
Worker Google Gemini Gemini 3 Pro Preview
Aggregator OpenAl GPT-5.1

Table 5.4.1 - Table of LLMs used in dlAgnosis

5.5 Aggregation and Report Generation

After the worker models return their individual outputs, dIAgnosis generates a final
consensus report using an aggregator model. The purpose of the aggregator is not simply
to copy one worker response, but to compare the worker outputs and produce a structured
synthesis. It considers the level of agreement between models, repeated diagnoses,

investigation suggestions, safety warnings, red flags, and certainty levels.

The final report follows a consistent structure. It includes a clinical assessment, ranked
differential diagnoses, suggested investigations, red flags, warnings, and certainty
statement. This structured format makes the output easier to display in the frontend, store

in the database, evaluate using internal metrics, and export as a PDF.

The aggregator prompt includes safeguards to discourage unsupported conclusions. It is
instructed to remain consistent with the worker panel and to explain its reasoning when

objective clinical signals point toward important diagnoses. This design helps reduce the
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risk of a final report introducing a conclusion that is not supported by the broader model

panel.

5.6 Longitudinal Follow-Up Design

dIAgnosis includes longitudinal follow-up functionality so that consultations are not
treated as isolated events. When a patient has previous stored visits, the system can
retrieve relevant historical information and include it as context in the next consultation.
This allows the model panel to consider previous symptoms, background conditions,

investigations, and earlier assessments.

The frontend groups consultations by patient and provides shortcuts for follow-up visits.
When a follow-up consultation is created, previous history can be included in the prompt
sent to the worker models and aggregator. The interface also displays follow-up context

so that the user can see how the current visit relates to earlier records.

This feature is important because clinical reasoning often depends on change over time.
A symptom may be more significant if it is new, worsening, persistent, or different from
a previous presentation. By including longitudinal context, the system is better aligned

with real clinical workflows.

5.7 Data Storage Design

The system uses SQLite as its database engine because it is lightweight, portable, and
suitable for a research prototype. SQLAlchemy is used to define and interact with the
database models, while aiosqlite provides asynchronous database access. This allows the

backend to perform database operations without blocking the event loop.
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The database stores consultation records, patient details, query parameters, worker model
drafts, final reports, evaluation outputs, clinical benchmark cases, benchmark runs, and
benchmark results. This storage design supports both normal clinical consultation

workflows and research-focused evaluation workflows.

Keeping worker outputs and final reports separately is an important design choice. It
allows the system to compare individual model responses with the aggregated report,
calculate internal QA metrics, and inspect whether the final report reflects the broader

panel. It also supports later analysis of model agreement and disagreement.

5.8 Evaluation and Benchmarking Subsystem

The evaluation subsystem was implemented to support internal analysis of report quality,
worker agreement, and model-panel behavior. It is not intended to determine whether a
diagnosis is clinically correct. Instead, it evaluates whether the final report is structurally

complete and whether its content is supported by the individual worker drafts.

For each generated report, the system calculates structural QA metrics. These include:

e Report support

Measures how strongly the final report overlaps with the worker outputs.

e  Worker agreement

Measures how consistently the panel converged on similar diagnoses.

e Format completeness

Checks whether the required report fields are present.
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e Unsupported-content risk

Highlights parts of the final report that are not strongly reflected in the worker drafts.

e Critical minority signals

Identifies high-risk diagnoses or warnings raised by a smaller subset of workers.

The system also includes a clinical benchmark workflow. Benchmark cases can be
imported from template data or uploaded as JSON, stored in the database, selected by the
user, and run through the same multi-model pipeline used for normal consultations. The
generated outputs are then compared against reference case data. The benchmark module
reports metrics such as panel match score, Top-1 accuracy, Top-3 hit rate, unsafe omission
rate, and panel-versus-best-single win rate. It also provides case-level comparisons
showing the predicted diagnosis, reference diagnosis, exact match, family-level match,

Top-3 hit, and critical diagnosis coverage.

In addition, the system includes semantic panel consistency analysis. This uses
PubMedBERT embeddings through SentenceTransformers to compare the diagnostic
focus of worker model outputs. Instead of only comparing exact diagnosis labels, the
system compares the meaning of the worker responses in embedding space. This allows
it to identify semantic divergence, outlier worker outputs, and critical minority signals.
These results do not prove that a model is right or wrong, but they help highlight cases

where the panel disagreed in a way that may require manual review.

5.9 Evidence Retrieval and Report Support

The evidence retrieval module allows the user to search for biomedical literature related
to the generated consensus report. This function is available through the Evidence tab
after a report has been generated. The system uses NCBI E-utilities to query PubMed and

retrieve publication metadata programmatically.
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The PubMed query is built from the structured report rather than from a separate user-
entered search term. The module first identifies the primary diagnostic entity from the
leading item in the report’s ranked differential diagnosis list. It can also use concise
investigation or safety-signal terms from the report when these are suitable for search.
The query is then sent to PubMed using the E-utilities search endpoint, and the returned

PubMed IDs are used to retrieve article summaries.

Retrieved articles are ranked before display. The ranking considers factors such as article
type, relevance to the report concepts, and publication recency. For example, guidelines,
systematic reviews, meta-analyses, reviews, and clinical trials are weighted more strongly
than lower-level article types. The frontend displays the article title, journal, publication
date, evidence type, relevance score, and a short explanation of why the source was

selected.

This evidence feature is designed as a support tool rather than a validation mechanism.
Retrieved articles may help the clinician review the report, but they do not prove that the
generated diagnosis is correct. The evidence tab therefore connects the model output to

biomedical literature for inspection, while leaving final interpretation to the clinician.

5.10 Frontend Design and User Workflows

The frontend was designed in Streamlit to provide a structured clinical workspace. The
main workflow begins with clinical intake, where the user enters patient details,
presenting complaint, history, medications, allergies, vital signs, and other relevant
context. The interface then sends this information to the backend to generate a multi-

model consensus report.

After a report is generated, the frontend displays the result across several tabs. These

include the main clinical report, risk tools, evidence lookup, and optional debate
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functionality. The user can review the ranked differential diagnoses, investigations, safety
warnings, red flags, patient handout, and model-panel outputs. The system also supports

follow-up questions through a chat feature linked to the generated report.

The frontend also includes an admin dashboard. This dashboard displays internal QA
metrics, panel consistency information, benchmark results, and trend visualizations.
Plotly is used for interactive charts, Pandas is used for tabular data, and FPDF2 is used to

export the final report as a downloadable PDF

5.11 Safety and Security Considerations

Because dIAgnosis is a clinical decision-support prototype, safety considerations were
included throughout the design. The system presents itself as a support and evaluation
tool rather than an autonomous diagnostic authority. Its outputs are intended to be

reviewed by a clinician before influencing patient care.

The generated reports include red flags, warnings, certainty statements, and patient-facing
explanations. The system also includes internal QA checks that help identify structural
problems, weak panel support, or possible unsupported content. These features do not

eliminate risk, but they create additional review points around the generated output.

Security-related measures include storing provider API keys outside the source code,
using .env files for backend secrets, using Streamlit secrets for frontend configuration,
excluding secret files through .gitignore, and applying API-key middleware between the
frontend and backend. These measures help reduce the risk of exposing sensitive

configuration values or allowing unintended backend access.

5.12 Code Structure

47



The application is organized into separate backend, frontend, data, and documentation
areas. The backend folder contains the FastAPI application, database configuration, ORM
models, CRUD operations, LLM client logic, evaluation logic, and model configuration.

This keeps the server-side responsibilities grouped in one part of the application.

The frontend folder contains the Streamlit application and supporting modules. These
modules handle API endpoint configuration, reusable Ul components, evidence retrieval,
embedding access, QA visualisations, report parsing, PDF generation, session state, and
styling. This separation keeps the main app file more manageable and makes individual

features easier to maintain.

The data folder contains local data assets such as clinical benchmark templates and
database files. This structure makes the project easier to understand because each folder

has a clear role.

5.13 System Data Flow

The system data flow begins when the user enters clinical information through the
Streamlit interface. The frontend packages this information into a structured request and
sends it to the FastAPI backend using an HTTP request. If API-key protection is enabled,
the request must include the correct X-API-Key header.

The backend validates the request and constructs a clinical prompt for the worker models.
The prompt is sent asynchronously to the configured LLM providers. Each successful
worker response is collected and stored. The aggregator then receives the worker outputs

and produces the final structured consensus report.

After the final report is generated, the backend evaluates the output, stores the

consultation and model drafts in the database, and returns the result to the frontend. The
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frontend displays the report, allows the user to inspect evidence, run a debate round, ask
follow-up questions, export a PDF, or review the case later through the history and

dashboard views.

5.14 Interface Screenshots

The workflow starts with a structured intake form, where the user creates a new
consultation for Patient 1 and enters the patient details, vitals, history, medications,
allergies, risk factors, symptoms, examination notes, and 1ab/ECG findings. This shows
that the system first converts the clinical encounter into structured input fields before any

model is called.

INTAKE WORKSPACE

New Clinical Consultation

Capture the presentation, add risk context, and generate a clinician-reviewed consensus with follow-up
awareness built in.

Structured intake Longitudinal context 5-model panel

Patient Identification
Patient Full Name Patient ID / AMKA Visit Date

Patient 1 1234567 2026/05/19

Figure 5.14.1 — New Consultation Screen (1)
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Clinical Vitals

Age Sex HR (bpm) BP (mmHg) Temp (°C)

25 (] Male @ v 85 (] 120/80 o 38.00 (~]

Clinical History

Medical History / Risk Factors

Diabetes, Smoker, Obese

Current Medications Allergies

None None

Figure 5.14.2 — New Consultation Screen (2)

Symptoms
Duration of Symptoms

3 days
Focused Exam Findings

Negative flu tests

Current Presentation

Chief Complaint & Clinical Question Key Labs / Imaging / ECG

Patient complains about headaches, high fever, exhaustion, cough and None
shortness of breath.

Generate

Consensus

Figure 5.14.3 — New Consultation Screen (3)

After the form is completed, the user selects Generate Consensus. This triggers the
backend workflow that sends the structured case to the configured model panel. The
loading state shows that dIAgnosis is convening the clinical panel and sending the case

to multiple models.
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The sidebar shows how consultations are stored and organized. The entered case is saved
under Patient 1, with the visit date attached to the consultation. From this panel, the user

can reopen a previous Visit, create a follow-up visit, or manage stored records.

dlAgnosis

® Show Analytics Dashboard

New Consultation

v Patient 1 (1)

New Follow-Up

Visit 1: Patient
complains about h...
(2026-05-19)

Figure 5.14.4 — Sidebar
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Once the panel finishes, the system opens the Clinical Consensus Report. The header
identifies Patient 1, the visit date, panel agreement, safety disclaimer, vital telemetry,
consensus status, leading diagnosis, certainty level, escalation state, and next best test. In
this case, the leading diagnosis is community-acquired pneumonia, with medium

certainty and urgent escalation suggested.

REPORT

Clinical Consensus Report

Review the current visit, compare it with previous encounters, and inspect how the panel reached its conclusion.

Patient 1 2026-05-19 40% panel agreement

A For clinical decision support only. This Al-generated report is not a substitute for professional medical judgment. All outputs must be reviewed and validated by a licensed

clinician before influencing patient care. Not approved as a standalone diagnostic device (EU MDR / FDA).

PATIENT VITAL TELEMETRY - 2026-05-19
® CONSENSUS FINALIZED

85w 99% 52 120/80 ovse el

Community-acquired Medium Urgent Escalation Suggested Chest X-ray to look for signs
pneumonia of pneumonia or other lung

problems

Figure 5.14.5 — Final Consensus Report Header
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The next report section, Immediate Concern, shows how the system surfaces the highest-
priority safety state before the detailed report. It presents the escalation recommendation,
explains why the case needs attention, identifies the current visit, and shows whether
previous visits are available for comparison. This demonstrates that the report is not only

a diagnosis list but also organizes the output by urgency and context.

Clinical Report Risk Tools 3 ebate Model Outputs

Immediate Concern

Urgent Escalation Suggested

Immediate clinician review is warranted, with low threshold for ED-level escalation if this matches the bedside picture.

Why this needs attention

« The report lists multiple red-flag symptoms.
» 5 red-flag finding(s) need active follow-up.

« Several safety warnings were generated.

Visit Context

Visit 1 - 2026-05-19 - Current visit

Since the last visit

No prior visit is linked to this consultation yet.

Figure 5.14.6 — Clinical Report Tab (1)
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The Summary section gives the condensed narrative version of the report. It turns the
structured input and model outputs into a readable snapshot of the consultation. Beside it,
the certainty panel shows the aggregator’s confidence level. The certainty panel shows
the aggregator’s confidence as medium, while the support metrics summarize worker

agreement and alignment.

Summary

1. Snapshot 2. Certainty

A 25-year-old man with diabetes, obesity, and smoking history has 3 days of i
headache, exhaustion, cough, and some shortness of breath, with normal

oxygen and stable vitals and negative flu tests. Multiple clinicians c ed

community-acquired pneumonia and acute bronchitis, but the absence of

abnormal vital signs or hypoxia makes severe pneumonia less certain without

imaging, while a viral respiratory infection (including COVID-19) best fits the

timing and symptom pattern and is well supported by the negative flu test

Because his comorbidities increase the risk of complications and pneumonia can

initially present with relatively normal observations, immediate evaluation to

rule out communi uired pneumonia and COVID-19 is importan

management and le antibiotics guided by chest imaging and basic labs.

AGREEMENT f Su MAJORITY ALIGNMENT CERTAINTY ALIGNMENT

60% 40% 100%

Figure 5.14.7 — Clinical Report Tab (2)
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The Likely Diagnoses section presents the ranked differential diagnosis. Community-
acquired pneumonia is ranked first, followed by acute bronchitis and suspected COVID-
19. Each diagnosis is displayed with an ICD-10 code and agreement percentage, showing

how strongly the panel supported each possibility.

3. Likely diagnoses

1. Community-acquired pneumonia
AGREEMENT

80%

Most likely.

2. Acute bronchitis
AGREEMENT

80%

Also consider.

3. COVID-19 (suspected)
AGREEMENT

60%

Also consider.

Figure 5.14.8 — Clinical Report Tab (3)
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The Assessment and Recommended Tests sections provide the expanded clinical

interpretation. The report explains why pneumonia remains important despite stable vital

signs and recommends chest X-ray, COVID-19 testing, blood count, inflammatory

markers, metabolic testing, and repeat vital monitoring.

4. Assessment

ain clinical

A 25-year-old man with diabetes, obesity, and smoking history has 3 days of fever, headache, exhaustion, cough, and some shortness of breath, with normal oxygen and

stable vitals and negative flu tests. Multiple clinicians considered community-acquired pneumonia and acute bronchitis, but the absence of abnormal vital signs or hypoxia

makes severe pneumonia less certain without imaging, while a viral respiratory infection (including COVID-19) best fits the timing and symptom pattern and is well

supported by the negative flu test. Because his comorbidities increase the risk of complications and pneumonia can initially present with relatively normal observations,

immediate evaluation to rule out community-acquired pneumonia and COVID-19 is important, with management and possible antibiotics guided by chest imaging and basic

labs.

5. Other possibilities

Community-acquired pneumonia [J18.9]
Acute bronchitis [J20.9]

COVID-19 (suspected) [U07.1]

Atypical pneumonia [J18.9]

Viral respiratory infection (non-influenza) [J06.9]

6. Recommended tests

Chest X-ray to look for signs of pneumonia or other lung problems

COVID-19 PCR or high-sensitivity antigen test
Complete blood count with differential to assess for infection pattern

C-reactive protein or procalcitonin to help distinguish viral from
bacterial infection

Basic metabolic panel and blood glucose to assess kidney function and
diabetes control during illness

Pulse oximetry at rest and with light activity, plus repeat full vitals

including respiratory rate

Figure 5.14.9 — Clinical Report Tab (4)
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Red flags and Safety checks sections show the safety section of the report. It highlights
warning signs and safety checks that should be reviewed before reassurance, discharge,
or follow-up planning, along with options to download a pdf of the finalized report or a

clinician note.

7. Red flags 8. Safety checks
S or find should ra cern. Thing! nfi

Worsening shortness of breath, trouble speaking in full sentences, or
breathing very fast

Oxygen saturation below 94% on room air or a clear drop from your
usual level

Chest pain, especially if sharp or worse with deep breaths

Confusion, difficulty waking up, or any sudden change in mental
status

Very high fever (39°C or higher) that does not improve with fever

medicines or lasts more than 5-7 days

& Download Formal Record (PDF)

This summary does not replace an in-person medical evaluation and
should not be used as the sole basis for treatment decisions.

Normal oxygen levels and stable vitals at one point in time do not rule
out pneumonia or other serious infections, especially early in the
illness.

Because of diabetes, any infection can worsen bloed sugar control and
increase the risk of complications, so close monitoring of glucose is
important.

Negative influenza tests do not exclude other viral infections such as
COVID-19 or RSV.

If symptoms worsen or new serious symptoms appear, you should seek
urgent or emergency care rather than waiting for scheduled follow-

up.

Download Clinician Note (.txt)

Figure 5.14.10 — Clinical Report Tab (5)
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The follow-up chat screen shows how the finalized report can be queried after generation.
This screen demonstrates that the chat assistant answers using the finalized report context
rather than acting as a separate general-purpose chatbot allowing clinicians to analyze the

report with the help of the aggregator.

® Ask follow-up questions

Ask a question about this report.

s the patient in a critical condition?

Based on the finalized report, the patient is not currently in critical condition:

* Vitals are stable.
+ Oxygen level is normal.

+ Symptoms have been present for only 3 days.

However, because he has diabetes, obesity, and smokes, he is at higher risk for complications, and conditions like pneumonia or COVID-19 are still being
evaluated. He needs prompt in-person assessment and close monitoring, and should seek emergency care if any red-flag symptoms occur (worsening
shortness of breath, oxygen <94%, chest pain, confusion, or very high persistent fever).

fthe D-dimeris

Figure 5.14.11 — Clinical Report Tab (6)
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The Risk Tools tab shows additional calculators integrated into the same workflow. The
user can switch between HEART, Wells, PERC, qSOFA, and GCS. The displayed
HEART calculator produces a score from manually selected fields. This shows that
dIAgnosis supports structured bedside scoring alongside the Al report, but the calculator

is a separate tool controlled by its own input fields.

Clinical Report Risk Tools Evidence Debate Model Qutputs

Clinical Risk Scoring

HEART Wells PERC q50FA

HEART Score <

History @ Age ) Troponin

1 v 1

SCORE: 8 | HIGH RISK (> 50%)

Figure 5.14.12 — Risk Tools Tab
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The Evidence tab shows the evidence-grounding workflow. After the report is generated,
the system identifies the primary diagnostic entity, builds a structured PubMed query,
retrieves relevant sources, ranks them, and explains why each source was selected. This
screen demonstrates how dIAgnosis connects the generated consensus to external

biomedical literature for review.

Evidence-Based Grounding

Primary Diagnostic Entity: nia (J18.9)

Search PubMed
Found 5 ranked evidence source(s).
> Structured PubMed query

Diagnosis and Management of Community-acquired Pneumonia: An Official American Thoracic Society Clinical Practice
RELEVANCE

High

Guideline.

Why selected:

« practice guideline article type

» matches Community-acquired pneumonia
« recent publication (2026)

View on PubMed

Figure 5.14.13 — Evidence Tab
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The Debate tab shows an optional second-pass workflow. The app first preserves the
original worker drafts, creates a neutral peer summary, and then allows the models to
revise their positions after seeing the panel-level summary. The debate summary displays
agreement, format, and risk-signal changes. This demonstrates that debate is an optional
review layer, not the default report-generation step. The debate workflow shows that the
original worker outputs were reviewed again. This screen displays the neutral peer-review

summary that is sent back to the worker models before they revise their positions.

PEER REVIEW SNAPSHOT

Most common leading diagnosis: Community-acquired pneumonia (bacterial) (2/5 workers).

Certainty distribution: Medjum: 5.

Common investigation themes: Chest X-ray, COVID-19 PCR test, Chest X-ray (PA and lateral) to assess for pneumonia, infiltrates, or other pulmonary
Common red-flag themes: Difficulty breathing at rest, rapid breathing, or feeling unable to speak in full sentences, Fever >38°C in diabetic patiel
Main disagreements:

- Alternate leading diagnosis still present: Acute viral respiratory infection (non-influenza), including possible COVID-19 (1/5 workers: GPT-5.1

- Alternate leading diagnosis still present: Pneumonia (1/5 workers: Llama-3.3-70B Versatile (Grog)).

Per-model baseline:

- GPT-5.1 (OpenAI): top diagnosis = Acute viral respiratory infection (non-influenza), including possible COVID-19; certainty = Medium; top list =
- Llama-3.3-76B Versatile (Groq): top diagnosis = Pneumonia; certainty = Mediumj top list = Pneumonia, Influenza, Acute Bronchitis.

- Qwen-3-32B (Grog): top diagnosis = Community-Acquired Pneumonia; certainty = Medium; top list = Community-Acquired Pneumonia, Viral Respiratory .

- Claude Sonnet 4.5 (Anthropic): top diagnosis = Community-acquired pneumonia (bacterial); certainty = Medium; top list = Community-acquired pneum

- Gemini 3 Pro Preview (Google): top diagnosis = COVID-19; certainty = Mediumj top list = COVID-19, Community-Acquired Pneumonia, Acute Bronchitis
When revising, preserve safety-critical alternatives and only change the lead diagnesis if the peer review summary provides a stronger or safer im

AGREEMENT FORMAT RISK SIGNAL

100% 100% 19%

4 +60 pts vs original 4 +0 pts vs original 4 +B pts vs original

Figure 5.14.14 - Debate Tab (1)
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After the debate round, the system displays revised worker positions and a separate
debated consensus report. The original report remains unchanged, while the debated

report is shown as an additional comparison output.

What changed after debate

® |eading diagnosis remained Community-acquired pneumonia (bacterial or atypical).

® New investigation emphasis: Complete blood count with differential and C-reactive protein, COVID-19 test (PCR or high-quality antigen) according to local
protocol, Chest X-ray (PA and lateral) to assess for infiltrates or consolidation suggesting pneumonia.

® Additional red-flag focus after debate: Shortness of breath at rest, rapid breathing, or trouble speaking in full sentences, New or worsening chest pain, especially
if sharp or worse with deep breaths, Confusion, extreme drowsiness, or sudden change in behavior or alertness.

Revised Worker Positions

Top
GPT5.1 Community-acquired pneumonia (bacterial or atypical)  Medium  Urgentin-person clinical review with detailed symptom history (onset and progression ( Revised
Llama-3.3-70B Versatile Community-acquired pneumonia (bacterial) Medium Chest X-ray (PA and lateral) Revised
Qwen-3-328 Community-Acquired Pneumonia (Bacterial) Medium  ChestX-ray (PAand lateral) Revised
Claude Sonnet 4.5 (Anthropic)  Community-acquired pneumonia (bacterial) Medium  ChestX-ray (PAand lateral) to assess for pneumonia or infiltrates Revised

Gemini 3 Pro Preview (Google)  Community-Acquired Pneumonia Medium Chest X-ray (PA and lateral) Revised

Figure 5.14.15 - Debate Tab (2)

ated Consensus Report

Debated assessment Debated ranked differential

A 25-year-old man with diabetes, obesity, and smoking history 1. Community-acquired pneumonia (bacterial or

has 3 days of fever, headache, exhaustion, cough, and some atypical) [J18.9] — 100%

shortness of breath, with stable vitals and normal oxygen

saturation. All workers converge on a lower respiratory tract 2. Acute bronchitis / acute viral respiratory infection
infection, with community-acquired pneumonia as the leading (non-influenza, including possible COVID-19) [J20.9] —
concern given the fever plus cough and dyspnea in a higher-risk 60%

host, though early disease could still be viral (including COVID-

19 or acute bronchitis) without clear consolidation yet. Negative 3. COVID-19 (suspected) [U07.1] — 60%

flu tests make influenza less likely but do not rule out other

viral or bacterial infections. Because his comorbidities increase 4. Atypical pneumonia (Mycoplasma, Chlamydophila,

the chance of complications and rapid deterioration, prompt in- Legionella) [J15.7] — 20%

person evaluation, chest imaging, and basic labs are needed to
: . ) R ; 5. Diabetic ketoacidosis with infection [E10.10] — 20%
distinguish pneumonia from a milder viral illness and to decide

on antibiotics and monitoring.

Debated investigations Debated safety flags

® |n-person exam with repeat vitals and full chest ® Shortness of breath at rest, rapid breathi

examination (including respiratory rate and lung sounds) speaking in full sentences

Figure 5.14.16 - Debate Tab (3)
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The Model Outputs tab shows the original individual model responses before aggregation.
Each model is listed with completion status and can be expanded. This screen
demonstrates transparency: the user can inspect the raw worker-level outputs that
contributed to the consensus. Each model can be expanded to inspect its top diagnosis,

certainty, differential list, investigations, red flags, warnings, and raw structured response.

Individual Model Outputs

GPT-5.1 (OpenAl) - Completed

Llama-3.3-70B Versatile (Groq) - Completed

Qwen-3-32B (Groq) - Completed

Claude Sonnet 4.5 (Anthropic) - Completed

Gemini 3 Pro Preview (Google) - Completed

Figure 5.14.17 - Model Outputs Tab (1)

The expanded model output shows one model’s full structured response, including
provider, top diagnosis, certainty, differential count, assessment, ranked differentials,
investigations, red flags, warnings, and raw reasoning fields. This demonstrates

traceability from the final consensus back to the individual model-level contribution.

v Qwen-3-32B (Groq) - Completed

TOP DIAGNOSIS CERTAINTY DIFFERENTIALS

Community-Acquir...  Medium 3

Assessment

Worker model inte:

The patient presents with fever, respiratory symptoms, and systemic illness. Comorbidities (diabetes, obesity) increase risk for severe
infections.

Ranked differentials Invest

® 1. Community-Acquired Pneumonia [J18.9] - 75% Chest X-ray

® 2. Viral Respiratory Infection [J06.9] - 65% Complete blood count with differential
® 3. Diabetic Ketoacidosis with Infection [E11.10] - 40% C-reactive protein

Arterial blood gas analysis

Sputum culture if available

Figure 5.14.18 - Model Outputs Tab (2)
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The System Analytics and Oversight screen shows the internal quality-assurance layer

of dIAgnosis. This page is not part of the patient-facing clinical report, and it is not
intended to prove whether the diagnosis is medically correct. Instead, it checks whether
the generated reports are structurally complete, whether the final consensus is supported
by the worker models, and whether any parts of the report may need manual review. At
the top of the screen, the dashboard summarizes all stored consultations currently being
reviewed. In this example, the system has reviewed 2 consultations. The overall report
support is 64.3%, meaning that, on average, the final reports are moderately supported
by the outputs produced by the worker models. Worker agreement is 56.7%, showing
that the model panel did not fully converge on the same conclusions across the stored
cases. Format completeness is 100%, meaning the final reports contain the required
structured fields. Unsupported-content risk is 19.0%, which indicates that some final

report content may not be strongly reflected in the worker drafts.

OPERATIONS CONSOLE

System Analytics & Oversight

Track platform activity, monitor panel alignment, and review quality signals across recent consultations

Admin dashboard Consensus monitoring Clinical QA

Internal Report QA

ONSULTATIONS REVIEWED REPORT SUPPORT WORKER AGREEMENT FORMAT COMPLETENESS UNSUPPORTED-CONTENT R...

2 64.3% 56.7% 100.0% 19.0%

Figure 5.14.19 - System Analytics (1)
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The Quality Profile section breaks these values into more specific support signals. Format
completeness i1s 100%, which means the report structure is complete and follows the
expected schema. Lead diagnosis support is 40%, meaning only part of the worker panel
independently placed the final leading diagnosis as their own top diagnosis. Top-2
diagnosis support is 60%, meaning more workers included the final leading diagnosis
somewhere within their two most likely diagnoses, even if it was not always ranked first.
Majority alignment is 40%, meaning the final report only partially matched the most
common worker position. Certainty agreement is 90%, showing that the final certainty
level is mostly consistent with the certainty levels produced by the workers. Investigation
support is 71.8%, meaning the recommended tests in the final report overlap fairly well
with investigations suggested by the models. Safety-item support is 30.5%, meaning
many red flags or warnings in the final report were not strongly repeated across the

individual worker outputs.

1. Quality Profile

Format completeness
Lead diagnosis support
Top-2 diagnosis support

Majority alignment

Certainty agreement

Investigation support “ N 72%

Safety-item support \ll j[ 31%

0% 0 40% 60%

Format completeness Higher is better The final report contains the required fields and follows the expected report structure

Lead diagnosis support Higher is better Worker models independently supported the final leading diagnosis as their own first choice.
Top-2 diagnosis support % Higher is better Worker models included the final leading diagnosis within their two most likely diagnoses.
Majority alignment 40 Higher is better The final report agrees with the panel majority rather than an isolated worker output.
Certainty agreement 90.0% Higher is better The final certainty level is consistent with the worker panel's certainty distribution.
Investigation support Higher is better Suggested investigations overlap with recommendations made by the worker models

Safety-item support Higher is better Red flags and warnings in the final report are supported by the worker outputs.

Figure 5.14.20 - System Analytics (2)
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The Support and Risk Over Time chart shows how report support and unsupported-
content risk change across stored consultations. The blue line represents report support,
where higher values are better. The red dotted line represents unsupported-content risk,
where lower values are better. In this example, report support remains in the moderate
range, while unsupported-content risk increases from the first stored case to the second.
This allows the user to identify cases that may require closer inspection later, especially

if support drops or risk rises.

2. Support And Risk Over Time

Report support

Case 1 (2026-05-19)

Figure 5.14.21 - System Analytics (3)

The Cases Needing Review table lists the consultations that the QA system believes
deserve manual inspection. Each row includes the patient, visit date, number of worker
models, report support, worker agreement, format completeness, risk signal, and critical
minority score. Patient 2 has lower support and a higher risk signal than Patient 1, so it
appears as a stronger review candidate. Patient 1 has better support and lower
unsupported-content risk, but it is still listed because worker agreement and lead

diagnosis support are not perfect.

3. Cases Needing Review

Patient 2 2026-05-08

Patient 1 2026-05-19

Review Notes

> Patient 2 - 2026-05-08 - Support 61.8%, Risk 27.0%

> Patient 1 - 2026-05-19 - Support 66.8%, Risk 11.0%

> How this structural QA is calculated

Download internal QA CSV

Figure 5.14.22 — System Analytics (4)
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The Semantic Panel Consistency section adds another internal review layer. Instead of
only comparing exact diagnosis names, it uses biomedical embeddings to compare the
meaning of the diagnostic outputs. This matters because two models may use different
words for clinically related concepts. For example, “community-acquired pneumonia”
and “pneumonia” are semantically close, while “acute viral respiratory infection” is
related but meaningfully different. The screen reports 2 cases analyzed, mean panel
divergence of 75.7%, 1 semantic outlier, and 2 critical minority signals. These values
show that the stored consultations include meaningful differences in how worker models

framed the diagnosis.

4. Semantic Panel Consistency

Run Semantic Panel Analysis

CASES ANALYSED MEAN PANEL DIVERGENCE SEMANTIC OUTLIERS CRITICAL MINORITY SIGNALS

2 75.7% 1

Patient  Visitdate Panel top First worker top d Pan ient  Panel
Patientl 2026-05-19 community-acquired pneumonia acute viral respiratory infection , including possible covid-19 ~ 40.0% 51.4% No semantic

Patient2 2026-05-08 acute coronary syndrome acute coronary syndrome / unstable angina 40.0% 100.0% Review sugg

Semantic Review Notes

> Patient 1 - divergence 51.4%

> Patient 2 - divergence 100.0%

> Detailed Semantic Metrics

Figure 5.14.23 - System Analytics (5)
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The Clinical Evaluation section shows a separate benchmark workflow used to test the
system against predefined reference cases. Unlike the live consultation workflow, this
section is not about managing an individual patient visit. Its purpose is to evaluate how

well the model panel performs on cases where a reference diagnosis is already known.

The first screen shows the benchmark import area. The user can import template cases or
upload a benchmark JSON file. This makes the evaluation workflow reusable. The system
can be tested with the included cases, or with a new external benchmark set. The user can
also choose how many benchmark models to run, which allows the same evaluation

process to be repeated with different panel sizes.

Clinical Evaluation

1. Import Benchmark Cases

Choose options

Upload clinical benchmark JSON

@ Drag and drop file here
Limit 200MB per file « JSON

Browse files

Benchmark models

Import Selected Template Cases Import Uploaded Benchmark
5

3. Select Cases To Run

Choose options

Figure 5.14.24 - System Analytics (6)
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The Review Imported Cases table shows the benchmark cases currently loaded into the
system. In this example, 10 cases have been imported. Each row lists the primary
differential, the published case title, and the source type. This step is important because it
lets the user inspect the benchmark set before execution and confirm that the imported

cases are the intended reference cases.

BENCHMAR 2. Review Imported Cases
10 e o

Ectopic pregnanc Chronic ectopic pregnancy with low hCG Published case reporf
pic pregnancy gnancy

Aortic dissection Aortic dissection presenting as stroke Published case repori
Pulmonary embolism Pneumonia masking pulmonary embolism Published case report
Plastic bronchitis Plastic bronchitis due to adenoviral infection Published case repori
Testicular torsion Atypical testicular torsion presenting with abdominal pain Published case repori
Coronary vasospasm Acute coronary syndrome due to coronary vasospasm Published case report
Early colorectal adenocarcinoma Pedunculated early colorectal cancer with high-risk pathology Published case repori
Pulmonary embolism Itinerant pleuritic chest pain with migratory pleural effusion Published case repori
Neurogenic orthostatic hypotension  Chest pain and dyspnea later explained by neurogenic orthostatic hypotension  Published case repor!

Multivessel coronary artery disease ~ Atypical chest pain with indeterminate stress test Published case report

> Benchmark Case Citations

> Benchmark Maintenance

Figure 5.14.25 - System Analytics (7)
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The Overall Clinical Benchmark screen summarizes performance across the full
benchmark set. In this example, 10 cases are covered. The panel match score is 73.0%,
which represents the overall diagnostic match between the panel output and the reference
diagnoses, including partial or family-level matches. The panel Top-1 accuracy is 70.0%,
meaning the panel’s first diagnosis matched the reference diagnosis in 7 out of 10 cases.
The panel Top-3 hit rate is 100.0%, meaning the correct reference diagnosis appeared
somewhere in the panel’s top three differential diagnoses for every benchmark case. The
unsafe omission rate is 0.0%, meaning no critical reference diagnosis was completely
missed. The panel-versus-best-single win rate is 10.0%, meaning the full panel

outperformed the best individual model in only 1 out of 10 cases.

4. Overall Clinical Benchmark

PANEL MATCH SCOR PANEL TOP-1 ACCURACY PANEL TOP-3 HIT RATE UNSAFE OMISSION RATE PANEL VS BEST SINGLE WIN
73.0% 70.0% 100.0% 0.0% 10.0%

Panel Case Results

Per-Model Summary
> Case-Level Benchmark Detail

» Full Benchmark Results

Recent Activity Log

Time atient Visit Date
May 19,09:13 Patient 1 2026-05-19

May 08, 14:39 Patient 2 2026-05-08

Figure 5.14.26 - System Analytics (8)
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The Panel Case Results table gives the case-level breakdown behind the aggregate
metrics. It compares the panel’s predicted top diagnosis with the reference top diagnosis
for each benchmark case. The Top-1 Match column shows whether the first prediction
was an exact match. The Top-1 Family Match column gives partial credit when the
predicted diagnosis belongs to the same diagnostic family as the reference. The Top-3 Hit
column shows whether the correct diagnosis appeared anywhere in the top three. This is
useful because a model may not rank the correct diagnosis first but may still include it in

the differential.

v Panel Case Results

Pulmonary embolism Pulmonary embolism Pulmonary embolism

Neurogenic orthostatic hypotension  Esophageal structural or motility disorder (e.g., stricture, achalasia, malignancy) Neurogenic orthostatic hypotension
Multivessel coronary artery disease ~ Coronary artery disease Multivessel coronary artery disease
Testicular torsion Testicular torsion Testicular torsion

Coronary vasospasm Coronary artery vasospasm / Prinzmetal angina with myocardial infarction Coronary vasospasm

Early colorectal adenocarcinoma High-risk T1 (pT1) colorectal adenocarcinoma in a malignant polyp Early colorectal adenocarcinoma
Aortic dissection Acute Stanford type A aortic dissection with stroke (cerebral malperfusion or emb: Acute aortic dissection

Pulmonary embolism Pulmonary embolism with or without pulmonary infarction Pulmonary embolism

Plastic bronchitis Adenoviral pneumonia Plastic bronchitis

Ectopic pregnancy Ovarian ectopic pregnancy (primary ovarian implantation) Chronic ectopic pregnancy

Figure 5.14.27 - System Analytics (9)

The Per-Model Summary compares the individual worker models across the same 10
benchmark cases. It reports each model’s mean clinical match score, Top-1 accuracy, and
unsafe omission rate. In this example, GPT-5.1 has the highest mean clinical match score
and Top-1 accuracy, while several models have a small unsafe omission rate. This table
helps determine whether the panel is adding value compared with individual models, or

whether one model is consistently stronger.

v Per-Model Summary

GPT-5.1 (OpenAl)
Llama-3.3-70B Versatile (Groq)
Claude Sonnet 4.5 (Anthropic) 0 0.6278

Gemini 3 Pro Preview (Google) 0 .6149

Qwen-3-32B (Grog) 0.5905

Figure 5.14.28 — System Analytics (10)
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The Case-Level Benchmark Detail table compares the panel score against the best single-
model score for each case. It lists the case ID, case title, panel score, best individual
model, best individual score, and whether the panel beat the best single model. This is
important because aggregate accuracy alone does not show where aggregation helps. In
the screenshot, the panel beats the best single model in only one case, while in most cases

the best individual model performs as well as or better than the panel.

v Case-Level Benchmark Detail

€3cBbI5F.776e-42¢1-972 3 Pulmenary embelism Llama-3.3-70B Versatile (Groq)

hostatic hypotension 0.3 GPT-5.1 (OpenAl)
coronary artery disease Gemini 3 Pro Preview (Google)
Testicular torsion Claude Sonnet 4.5 (Anthropic)
Coronary vasospasm 515 GPT-5.1 (OpenAl)
Early colorectal adenocarcinoma Llama-3.3-T0B Versatile (Groq)
Aortic dissection Gemini 3 Pro Preview (Google)
Pulmonary embolism 7 Llama-3.3-70B Versatile (Groq)
4a6bOecdd6e Plastic bronchitis . GPT-5.1 (OpenAl)

C9-778088d75827 Ectopic pregnancy 3 Gemini 3 Pro Preview (Google)

Figure 5.14.29 - System Analytics (11)

Overall, the Clinical Evaluation workflow demonstrates that dIAgnosis includes an
external evaluation mode separate from normal patient use. It allows benchmark cases to
be imported, reviewed, executed, and scored against known references. The results show
both aggregate performance and detailed case-level behavior, making it possible to
evaluate whether the multi-model panel improves diagnostic coverage, reduces unsafe

omissions, and adds value over single-model outputs.
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6.1 Conclusions

The central question driving this project was whether coordinating multiple large
language models could produce a more reliable and trustworthy form of clinical decision
support than relying on a single model alone. The short answer, based on what dIAgnosis

demonstrated, is yes, but not in the way that initially seems most obvious.

The most striking benchmark result is also the one most worth examining carefully. The
full five-model panel outperformed the single best individual model in only one out of
ten benchmark cases, a 10% win rate. On the surface, that might seem to undermine the
whole premise of the project. But the framing matters here. GPT-5.1, the top-performing
individual model, happened to be both a worker and the aggregator in this
implementation, which means the panel was partly competing against itself. More
importantly, Top-1 accuracy is not the only relevant metric in a clinical context, and
arguably not the most important one. The panel achieved a 100% Top-3 hit rate and a 0%

unsafe omission rate across all ten cases. No critical reference diagnosis was completely
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missed by the panel. That is a meaningful safety property that a single model, however

strong, does not guarantee by design.

What multi-model collaboration offers is not primarily higher accuracy at the top position,
it is broader coverage, visibility of disagreement, and the preservation of minority
opinions. When the panel includes a model that flags a high-risk alternative diagnosis that
the majority did not rank first, that signal is not lost. It is visible in the worker drafts,
surfaced in the internal QA metrics, and available for the clinician to act on. A single
model response cannot offer that. The value of dIAgnosis lies less in whether the top
diagnosis is always correct and more in whether the overall output creates a safer, more

inspectable reasoning environment for the clinician using it.

The internal evaluation metrics reinforced this picture. Worker agreement across the
stored consultations averaged 56.7%, which means the panel did not simply converge on
a single shared answer. That level of divergence is not a failure, it is exactly the kind of
diagnostic plurality that a multi-model system is supposed to surface. The aggregator's
job is then to synthesise those perspectives into a structured output, not to pick the most
popular one. Whether the aggregation step is doing this well in every case is harder to

verify with the current benchmark, and that is a legitimate limitation.

Beyond the diagnostic performance results, the project demonstrates that a fully working
multi-model clinical decision support platform can be built, evaluated, and refined by a
single developer within the scope of an undergraduate thesis. dIAgnosis integrates a five-
model asynchronous reasoning pipeline, a structured aggregation stage, longitudinal
patient tracking, PubMed evidence retrieval, internal QA metrics, semantic divergence
analysis using PubMedBERT, bedside calculators, debate rounds, and a clinical
benchmark system. The fact that all of these components work together in a coherent

clinical workflow is, in itself, a meaningful contribution.

The role dIAgnosis is designed for is as a second opinion tool, not an autonomous

diagnostic system. Its outputs are structured to be reviewed, not acted on blindly. The red

74



flags, certainty statements, worker draft visibility, and minority opinion tracking are all
deliberate design choices oriented toward supporting clinician judgement rather than

replacing it. That framing should not change even as the system improves.

6.2 Limitations

Every limitation worth discussing here is one that emerged from actually building and

testing the system, not simply a pre-declared constraint.

The benchmark set of ten cases is the most significant evaluation constraint. Ten cases is
enough to illustrate how the system behaves, but nowhere near enough to draw reliable
conclusions about diagnostic performance across different specialties, patient
populations, or levels of case complexity. The cases were clinician-informed, but they
were not drawn from a validated benchmark dataset, and they skewed toward relatively
well-defined presentations. How the system handles rare conditions, ambiguous histories,

or cases with deliberately incomplete information remains untested.

The internal QA metrics are useful for flagging consultations that may deserve a second
look, but they are not clinical correctness measures. A high report support score does not
mean the diagnosis is right. A low worker agreement score does not mean the consensus
is wrong. These metrics are tools for directing attention, not for validating medical
conclusions, and they should be presented to users in a way that makes that distinction

clear.

The PubMed evidence retrieval module connects the generated report to relevant
biomedical literature, but it does not verify the diagnosis. A retrieved guideline or
systematic review is supporting context for a clinician to engage with, not confirmation
that the model's reasoning was sound. The current ranking algorithm weights article type
and recency but does not assess relevance at the sentence or claim level, which limits how

useful the retrieved sources actually are in practice.
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Finally, the system has not been tested with licensed clinicians in real clinical workflows.
The feedback available comes from a medical student survey, which is a useful early
signal but not a substitute for evaluation by experienced practitioners. How a consultant
physician, a junior doctor under time pressure, or a specialist in a narrow field would use

and interpret the output is still an open question.

6.3 Medical Student Survey

A small survey was conducted with medical students and early-career medical trainees to
gather feedback on the perceived usefulness, trust, and safety concerns surrounding
dIAgnosis. The survey received 12 responses. The participants included students from
different stages of medical training: 5 respondents were in their 1st or 2nd year, 1 was in
3rd year, 1 was in 4th year, 4 were in their 5th or 6th clinical years, and 1 was in internship

or residency.

The responses showed that the participants were already familiar with general-purpose
Al tools. Nine out of twelve respondents reported using tools such as ChatGPT, Claude,
or Gemini daily, while two used them a few times per week. This suggests that the target
educational audience is already exposed to Al-assisted reasoning, making trust, safety,

and correct integration into clinical learning especially important.

Overall, respondents were comfortable adopting new digital tools, with an average score
of 4.08 out of 5. However, trust in Al for real clinical decisions was more cautious, with
an average score of 3.42 out of 5. This difference is important: students may be open to

using Al tools, but they do not automatically trust them in high-stakes clinical contexts.

The screenshots and interface were generally rated as clear and easy to read, with an
average score of 4.33 out of 5. The leading diagnosis in the example case was rated as
moderately plausible, with an average score of 3.58 out of 5. When asked what they would

do based on the report, half of the respondents stated that they could not judge from the
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report alone, while four would order the suggested investigations and two would escalate
to a senior immediately. This shows that respondents did not treat the system output as a

final answer, but as something requiring further clinical verification.

The multi-model design was viewed positively. Compared with using a single Al model,
4 respondents said the multi-model approach would make them trust the answer
significantly more, and 5 said it would make them trust it slightly more. Only 3 felt about
the same. The agreement score was also considered useful: 8 out of 12 respondents said

they would become more cautious when model agreement was lower.

Safety-related features were also valued. Eleven out of twelve respondents said that a
made-up-information risk score would make them more careful with the report. The
minority warning feature, where one model flags a serious alternative diagnosis even if
the majority supports another diagnosis, was also seen as useful: 3 respondents called it

the most important feature, 4 called it important, and 5 said it was useful but not essential.

The main concerns were consistent with the risks discussed earlier in the thesis. The most
common worry was Al confidently giving wrong information that sounds correct, selected
by 10 out of 12 respondents. Other major concerns included doctors becoming worse at
reasoning because of Al reliance, selected by 8 respondents, and junior doctors or students

treating Al suggestions as correct without questioning them, selected by 7 respondents.

Respondents also identified conditions that would increase their trust in dIAgnosis. The
most common requirement was checking the system against published clinical guidelines,
selected by 9 out of 12 respondents. Eight respondents wanted published research
showing diagnostic performance, six wanted official audit or certification, and six wanted
institutional backing from a hospital or department. Free-text responses also emphasized

trusted sources, guideline references, clearer reasoning, and real-world statistics.
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The average likelihood of recommending dIAgnosis to a medical peer was 6.33 out of 10.
This suggests moderate interest, but not unconditional acceptance. The survey therefore
supports the positioning of d[Agnosis as an educational and decision-support prototype

rather than a tool ready for unsupervised clinical use.

Overall, the survey suggests that medical students see value in the multi-model structure,
visible agreement scores, minority warnings, follow-up context, and report transparency.
At the same time, their responses show clear caution around hallucination, overreliance,
accountability, and lack of formal validation. These findings reinforce the need for
clinician oversight, guideline grounding, stronger evidence integration, and larger-scale

evaluation before such a system could be considered for real clinical deployment.

In the following table, the key findings from the survey are presented.

Survey Item Result
Number of respondents 12
Daily Al tool use 9/12
Average comfort with digital tools 4.08/5
Average trust in Al for real clinical decisions 3.42/5
Average interface clarity 4.33/5
Average recommendation score 6.33/10
Multi-model approach increased trust 9/12
Hallucination was a concern 10/12
Guideline validation required for trust 9/12

Table 6.3.1 — Medical Student Survey Key Findings
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6.4 Future Work

Several directions could improve dIAgnosis beyond the current prototype.

The system should be evaluated with licensed clinicians using a larger and more
diverse set of clinical cases. The current benchmark and survey provide early
feedback, but they are not enough to establish clinical reliability. Future studies
should include real clinicians, more specialties, rare conditions, emergency cases,

and cases with incomplete or ambiguous information.

The benchmark workflow could be expanded. A larger benchmark set would make
it possible to compare panel performance more reliably against individual models.
Future versions could include more detailed reference standards, severity labels,

gold-standard investigations, treatment plans, and specialty-specific case groups.

The evidence retrieval system could be improved. The current PubMed lookup
retrieves supporting literature related to the leading diagnosis, but future work
could provide stronger guideline grounding, inline citations inside the generated
report, and automatic linking between each recommendation and its supporting
source. Integration with recognised clinical guidelines such as NICE, ESC, IDSA,

or local hospital protocols would increase trust.

The system could improve how it handles uncertainty. Future versions could
provide clearer calibration of certainty scores, explain why models disagree, and
distinguish between diagnostic uncertainty, missing data, and safety-driven
caution. This would help clinicians understand not only what the system suggests,

but how confident the panel is and why.
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e The multi-model pipeline could be made more adaptive. Instead of always using
the same fixed panel, the system could select models based on case type, specialty,
urgency, or previous model performance. It could also use specialist agents, such
as cardiology, infectious disease, emergency medicine, or radiology-focused

agents, before aggregation.

e The platform could be integrated with electronic health record systems using
standards such as FHIR. This would reduce manual data entry and allow the
system to use richer longitudinal patient data. However, this would also require

stronger privacy, security, and governance controls.

e Future work should include stronger deployment and safety controls. This
includes multi-user support, audit logs, role-based access, privacy-preserving data
handling, cost and latency monitoring, and formal clinical safety evaluation.
These steps would be necessary before any real-world clinical deployment could

be considered.

e The use of fine-tuned medical language models. The current implementation
relies on general-purpose LLMs accessed through external APIs. Future versions
could incorporate models fine-tuned on medical datasets, clinical guidelines,
diagnostic reasoning tasks, or structured case reports. Such models could improve
the quality of differential diagnosis generation, reduce clinically irrelevant
outputs, and produce reasoning that is better aligned with medical terminology
and practice. Fine-tuned medical models could therefore significantly improve
both the accuracy and consistency of the platform, especially when combined with

the existing multi-model consensus and aggregation architecture.

6.5 Closing Remarks
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Medicine has always dealt with uncertainty by seeking more than one opinion. A difficult
case gets referred, a second consultant is called, a multidisciplinary team sits down
together. The underlying logic is not that any single clinician is unreliable, but rather that
consequential decisions deserve more than one perspective, and that disagreement
between experts is itself useful information. The reasoning behind dIAgnosis is the same.
A conclusion reached by multiple independent models, with the disagreements kept
visible and the minority opinions preserved, is structurally more trustworthy than one that

is not.

That principle is straightforward. Making it work in practice is less so. The pipeline must
be fast enough to be usable, the aggregation must be genuinely synthetic rather than just
picking the most confident worker, the output must be structured enough for a clinician
to navigate under pressure, and the uncertainty must be communicated in a way that
informs rather than overwhelms. Every design decision in d[Agnosis was shaped by those
constraints, and most of the limitations identified in this chapter trace back to places

where the balance has not yet been fully found.

What this project establishes is that the architecture is feasible, the implementation is
coherent, and the early signals from medical students suggest the core design decisions
are pointing in the right direction. Agreement scores, minority warnings, worker draft
transparency, and longitudinal context are not features added for completeness, they are
the parts of the system that carry the most clinical meaning, and the survey responses

suggest that even early-stage users recognise that.

There is real work still ahead. Validation with licensed clinicians, larger benchmarks,
stronger evidence grounding, and proper deployment infrastructure are all necessary
before a system like this could be considered for any real clinical setting. But the direction
is the right one. The future of clinical Al is probably not a single model that gets good
enough to trust on its own, it is systems designed from the ground up to make their
reasoning visible, their uncertainty explicit, and the clinician the final authority.

dIAgnosis is one step toward that.
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Appendix A - Medical Student Survey

A.1 Medical Student Survey Questions

Section A — About You
Three guick questions about yvour background.

01. What stage of medical training are you currently in? *

() 1stor 2nd year (pre-clinical)

() 3rd year (early clinical)

() Athyear

() S5thor 6th year (final clinical years)
() Internship / residency (PGY-1 or later)

() Postgraduate / specialty training

02. How often do you use general-purpose Al tools (ChatGPT, Claude, Gemini,
etc.) when studying or thinking through clinical cases?

() Daily

() Afewtimes a week

() Occasionally (a few times a month)
) Rarely

() Mever

Q3. How comfortable are you generally with adopting new digital tools in your
studies or clinical work?

Not comfortable at all O O O O O very comfortable
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Section B — Your Current Trust in Al for Medicine

Q4. How much do you currently trust Al answers (e.g., from ChatGPT) when a real *
clinical decision is at stake?

1 2 3 4 a3

Do not trust them at all D O O O D Trust them as much as a

competent colleague

Q5. Which of these worries about using Al in medicine feel real to you? *
Tick all that apply.

|:| The Al confidently giving wrong information that sounds correct
|:| It being unclear who is responsible if the Al causes a mistake

D The Al working less accurately for certain groups of patients (e.g., women, ethnic
mincrities, rare diseases)

Doctors becoming worse at reasoning on their own because they rely on Al

Junior doctors and students treating Al suggestions as the right answer without
questioning

Patient information being sent to outside companies running the Al
The lack of official rules or certification for these tools

Al being available only in well-funded hospitals

o000 oo

| do not have major worries about this

Q6. If an Al tool contributes to a diagnostic error that harms a patient, who do you *
think should be primarily accountable?

D The doctor who used the tool

The haspital that allowed it to be used
The company that built the Al

The regulator that approved the Al
Responsibility shared, agreed in advance

Naot sure

OO0 0O O0O0



Section C — Reading a dlAgnosis Report

Read the case and the dlAgnosis output below before answering the next 5 questions.
Test Case

htips://jmedicalcasereports.biomedcentral.com/articles/10.1186/513256-021-02666-z

Patient / History

+ 54-year-old male

+ History of tobacco use

+ History of GERD

* BMI 29

= Family history: father with CAD/MI and CABG in his 50s

Presenting Symptoms

+ Sudden substernal chest pain

+ Radiation to left arm and jaw

+ Pain intensity 7/10

+ Episode lasted about 10 minutes

+ Pain resolved spontaneously before treatment

+ 3-week history of intermittent exertional chest pain
« Exertional pain relieved by rest

+ No dyspnea

* No diaphoresis

s No nausea or vomiting

+ No fever, cough, abdominal, urinary, or bowel symptoms

Vitals / Exam

» Blood pressure: 139/85 mmHg

+ Heartrate: 81 bpm

* Hemodynamically stable

s Physical exam reported as unremarkable
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Initial Tests

* ECG: noischemic changes

» Serial troponins x3: negative, < 0.010 ng/mL
+ CBC: normal

s CMP: normal

* TSH: normal

Cardiovascular Risk Data

Total cholesterol: 235 mg/dL

s Triglycerides: 408 mg/dL

HDL: 26 mg/dL

LDL: not calculable because triglycerides were high

Further Cardiac Testing

* Echocardiogram: normal LV systolic function
s No wall motion abnormalities
* Exercise treadmill ECG stress test:
o 95% of age-predicted maximal heart rate achieved
o 10METs
o interpreted as intermediate probability of ischemia / indeterminate

Doctor Assessment / Clinical Reasoning

* Chest pain remained concerning for coronary ischemia despite negative troponins
* Symptom pattern was clinically important:
o exertional
o relieved by rest
o radiation to arm/jaw
o worsening pattern over several weeks
s Stress test was not reassuring enough to stop workup
Cardiology felt further anatomical evaluation was needed
CCTA was chosen because the treadmill ECG result was indeterminate

Definitive Findings

» Coronary CT angiography showed significant LAD disease
+ Cardiac catheterization confirmed severe multivessel CAD

Final Outcome

» Diagnosed with multivessel coronary artery disease
s Required CABG
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Screenshots from dlAgnosis Assesment

3. Ranked Differential Consensus

dlAgnosis

L Analytics D

3 Test Case (1)

» Andress Chari (1)
Chest pain, um

3 Christiana (3)

4. Clinical assessment

This 54-year-old man with risk factors including tobacco use,
worsening exer
cardiac workup (serial tr
treadmill stre:
able angina or poss
(GERD) or mu

5. Conditions still in play

Angina pectoris (stable or unstable) [120.9]

Atherosclerotic heart disease of native coronary artery
[125.10]

Chest pain, unspecified [R07.9]
Gastro-esophageal reflux disease (GERD) [K21.9]
Acute myocardial infarction [121.9]

Musculoskeletal chest pain [M54.9]

nts with a ek history of
s are stable, and initial
cardial infarction or heart failure. However, his

sease, most

6. Next best investigations

Coronary angiography (CT coronary angiogram or
invasive) to assess for obstructive coronary artery

disease
Repeat ECG and troponins if symptoms recur or worsen

Ambulatory ECG (Holter) monitoring if arrhythmia is
suspected

Repeat and expand lipid profile, including assessment of

triglycerides and HDL

HbA1c and renal function tests for cardiovascular risk

stratification

Smoking cessation counseling and risk factor

modification assessment




7. Red-flag symptoms

Chest pain at rest or with minimal exertion, not relieved
by rest

Sudden severe or persistent chest pain

Shortness of breath, especially if new or worsening
Fainting (syncope) or near-fainting

Palpitations or irregular heartbeat

Swelling in the legs, difficulty breathing when lying flat,
or sudden weight gain

Development of nausea, vomiting, or cold sweats with

chest pain

8. Before discharge, confirm

Any recurrence or worsening of chest pain, especially at
rest or with minimal activity, requires urgent medical

attention.

Do not delay further cardiac evaluation, as significant
coronary artery disease remains possible.

Avoid strenuous physical activity until your heart has
been fully evaluated.

Seek emergency care if you develop severe chest pain,

shortness of breath, fainting, or other concerning

symptoms.

Smoking cessation and management of cholesterol and

other risk factors are strongly recommended.

Clarification:

The Al tool correctly identifies angina and CAD as top diagnoses, but it doesn't reach the
final conclusion of the case report "multivessel CAD requiring CABG " because that required
invasive angiography data that wasn't yet available at the point the Al was consulted. This
is expected and appropriate, the Al is reasoning from pre-angiography data, just as the
clinicians were at that stage.

Q7. How clear and easy it is to read the screenshots? *

Confusing O O O O O Very clear



Q8. How clinically plausible does the leading diagnosis seem given the case? *

Not plausible O O O O O Highly plausible

Q9. If you were the doctor in charge of this patient, what would you do next based *
on this report?

O Order the investigations the tool suggests as the first step
O Order different investigations than the ones the tool suggests
O Escalate to a senior immediately, regardless of the report

O Ignore the report and do my own work-up from scratch

O | cannot judge from this report alone

Q10. How much would you actually rely on this output to inform a real decision? *

Would ignore it O O O O O Would weight it as heavily as

a colleague's opinion

Q11. What is missing from the report above that you would want to see before
relying on it?

E.g., the Al's reasoning, references to guidelines, contraindications, why other diagnoses
were rejected, etc.

Your answer
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Section D — How dlAgnosis Features Would Change Your Behavior

Each of the next 5 questions describes one feature of diAgnosis in plain language and asks
what you would do. Answer based on your honest reaction — there are no expected
ANSWErs.

012 dlAgnosis asks five different Als the same medical question instead of just *
one, and shows where they agreed or disagreed. Compared to using a single 4l
like ChatGPT alone, would this make you:

O Trust the answer significantly maore

() Trust it slightly more

() Feel about the same

D Trust it less (more places it could go wrong, not fewer)

O | would not trust either approach

013 Imagine the report says "5 of 5 Als agreed” on a diagnosis inone case, and  *
"2 of 3 agreed” in another case. Would seging this number change how cautious
you are about the diagnosis?

Yes, strongly — | would be much more cautious with the lower number
Yes, somewhat
Mot really

Mo — | would verify either result the same way

ONONONONS

Mo — | would not believe the number itself

Q14. The tool also shows a "made-up-information risk”, a number from 0-100%  *
showing how likely it estimates the Al may have invented part of its answer. If you
saw this number on a real report, would it:

O Make me much more careful with the report
D Make me somewhat more careful
D Mot really change anything

D I would not believe the number itself



Q15. Imagine 4 of the 5 Als say "pneumonia” but 1 raises "pulmonary embolism”, *
and the system flags this as a warning so you don't miss the rare-but-serious
option. How valuable is this kind of warning?

The most important feature of the tool
Important
Useful but not essential

Probably causes maore anxiety than it adds insight

OO 00O

Mot useful

Q16. On a follow-up visit, the tool sends the Al both today's case and the previous *
visit, plus how many days have passed, and asks the Al to focus on what has
changed. How would this affect your view of the tool?

O Strongly moere useful than a tool without this
O Somewhat more useful
O About the same — | prefer assessing each visit on its own

O I would not trust an Al to compare two visits reliably
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Section E — Use Intention & Conditions for Trust

Q17. If diAgnosis were freely available tomorrow, how often would you actually
use it?

O Daily during clinical rotations

() Afew times aweek

O Only for unfamiliar or complex cases

O A5 a study or learning aid, not on real patients

() 1would not use it

Q18. What would have to be true for you to trust diAgnosis on a real patient? *
Tick all that apply.

D It is checked against published clinical guidelines (NICE, ESC, IDSA, etc.)

D It is officially audited or certified by a regulator

U

There is published research showing how often it gets diagnoses right
D My hospital or department uses it and stands behind it

D It plugs into the medical record system | already use

D A senior doctor | trust recommends it

D The Al cites sources for every claim it makes

D & doctor must always sign off before any action is taken on its output
O

| cannot imagine trusting it on real patients under any conditions

019. Imagine you used dlAgnosis on a case and disagreed with its leading
diagnosis. How likely would you be to override the tool and follow your own
clinical judgment?

pefertothetosl o O O O O Always follow my own

judgment
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Section F — Recommendation & Criticism

Q20. On a scale of 0 to 10, how likely are you to recommend dlAgnosis to a peer *
studying medicine?

o 1 2 3 4 5 6 7 8 9 10

Not at all likely O O O O O O O O O O O Extremely likely

Q21. What is the single biggest worry preventing you from using a tool like this on
real patients?

Your answer

Q22. What is one feature that, if added, would make you significantly more likely to
use this?

Your answer

A.2 Medical Student Survey Answers

Q1. What stage of medical training are you currently in? I_D Copy chart

12 responses

@ st or 2nd year (pre-clinical)

@ 3rd year (early clinical)

@ 4th year

@ 5th or 6th year (final clinical years)

@ Internship / residency (PGY-1 or later)
@ Postgraduate / specialty training
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Q2. How often do you use general-purpose Al tools (ChatGPT, Claude, Gemini, I_D Copy chart
etc.) when studying or thinking through clinical cases?

12 responses

@ Daily

@ Afew times a week

@ Occasionally (a few times a month)
@ Rarely

@ Never

Q3. How comfortable are you generally with adopting new digital tools in your I_D Copy chart
studies or clinical work?

12 responses

6
5 (41.7%)
4
4 (33.3%)
2 2 (16.7%)
0 (0%) 1(8.3%)
0 |
1 2 3 4 5

Section B — Your Current Trust in Al for Medicine

Q4. How much do you currently trust Al answers (e.g., from ChatGPT) when a ID Copy chart
real clinical decision is at stake?

12 responses

8
7 (58.3%)
6
5 (41.7%)
4
2
0 (0%) 0 (0%) 0 (0%)

0 | | |

1 2 5



Q5. Which of these worries about using Al in medicine feel real to you? I_D Copy chart

12 responses

The Al confidently giving wrong...

10 (83.3%)
It being unclear who is respons. .. 2 (16.7%)

2 (16.7%)

The Al working less accurately. ..
Doctors becoming worse at rea... 8 (66.7%)
Junior doctors and students tre...
Patient information being sent ... 4 (33.3%)
The lack of official rules or certi... 5 (41.7%)
Al being available only in well-f...

| do not have major worries ab...

Q6. If an Al tool contributes to a diagnostic error that harms a patient, who do ID Copy chart
you think should be primarily accountable?

12 responses

@ The doctor who used the tool

@ The hospital that allowed it to be used

@ The company that built the Al

@ The regulator that approved the Al

@ Responsibility shared, agreed in
advance

@ Not sure

Q7. How clear and easy it is to read the screenshots? |D Copy chart

12 responses

8 8 (66.7%)
6
4
2 2 (16.7%)
o o5
0

1 2 3 4 5
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Q8. How clinically plausible does the leading diagnosis seem given the case? I_D Copy chart

12 responses

6
5 (41.7%)
4
3 (25%) 3 (25%)
2
0 \
1 2
Q9. If you were the doctor in charge of this patient, what would you do next I_D Copy chart

based on this report?

12 responses

@ Order the investigations the tool
suggests as the first step

@ Order different investigations than the
ones the tool suggests

@ Escalate to a senior immediately,
regardless of the report

@ Ignore the report and do my own work-
up from scratch

@ | cannot judge from this report alone

Q10. How much would you actually rely on this output to inform a real decision? |_|:| Copy chart

12 responses

5 (41.7%)
3 (25%) 3 (25%)

0 (0%) 1(8.3%)
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Q11. What is missing from the report above that you would want to see before relying on it?

5 responses

4 Summarise responses

all of the suggestions above

Why other diagnoses were rejected

Ai reasoning, references to guidelines and why it rejected other diagnoses
guidelines

Different possibilities of diagnosis

Section D — How dlAgnosis Features Would Change Your Behavior

Q12. dlAgnosis asks five different Als the same medical question instead of just I_D Copy chart
one, and shows where they agreed or disagreed. Compared to using a single Al
like ChatGPT alone, would this make you:

12 responses

@ Trust the answer significantly more
@ Trust it slightly more
@ Feel about the same

@ Trust itless (more places it could go
wrong, not fewer)

@ | would not trust either approach
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Q13. Imagine the report says "5 of 5 Als agreed" on a diagnosis in one case, and |_|:| Copy chart
"2 of 5 agreed" in another case. Would seeing this number change how cautious
you are about the diagnosis?

12 responses

@ Yes, strongly — | would be much more
cautious with the lower number

@ Yes, somewhat

@ Not really
8.3% @ No — | would verify either result the

same way
@ No — | would not believe the number
itself
Q14. The tool also shows a "made-up-information risk", a number from 0-100% I_D Copy chart

showing how likely it estimates the Al may have invented part of its answer. If
you saw this number on a real report, would it:

12 responses

@ Make me much more careful with the
report

@ Make me somewhat more careful

@ Not really change anything

@ | would not believe the number itself

Q15. Imagine 4 of the 5 Als say "pneumonia” but 1 raises "pulmonary embolism" , I_D Copy chart
and the system flags this as a warning so you don't miss the rare-but-serious
option. How valuable is this kind of warning?

12 responses

@ The most important feature of the tool
@ Important
@ Useful but not essential

@ Probably causes more anxiety than it
adds insight

@ Not useful
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Q16. On a follow-up visit, the tool sends the Al both today's case and the I_D Copy chart
previous visit, plus how many days have passed, and asks the Al to focus on
what has changed. How would this affect your view of the tool?

12 responses

@ Strongly more useful than a tool without
this

@ Somewhat more useful

@ About the same — | prefer assessing
each visit on its own

@ | would not trust an Al to compare two
visits reliably

Section E — Use Intention & Conditio

Q17. If dlAgnosis were freely available tomorrow, how often would you actually ID Copy chart

use it?
@ Daily during clinical rotations
@ Afew times a week
@ Only for unfamiliar or complex cases
@ As a study or learning aid, not on real
patients

@ 1 would not use it

12 responses

Q18. What would have to be true for you to trust dlAgnosis on a real patient? I Copy chart

12 responses

It is checked against published...

9 (75%)
Itis officially audited or certified... 6 (50%)
There is published research sh... 8 (66.7%)
My hospital or department uses...
It plugs into the medical record... 2 (16.7%)
A senior doctor | trust recomme... 4 (33.3%)
The Al cites sources for every c... 4 (33.3%)
A doctor must always sign off b... 3(25%)

| cannot imagine trusting it on r...—0 (0%)
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Q19. Imagine you used dlAgnosis on a case and disagreed with its leading IO Copy chart
diagnosis. How likely would you be to override the tool and follow your own
clinical judgment?

12 responses

7 (58.3%)

4 (33.3%)

0 (0%) 1(8.3%) 0 (0%)

Section F — Recommendation & Criticism

Q20. On a scale of 0 to 10, how likely are you to recommend dlAgnosis to a peer I_D Copy chart
studying medicine?

12 responses

4
4
3
2 (16.7%) 2 (16.7%)
2
1 (8.3%)
1
0(0%)  0(0%) 0 (0%)

o 1 | |

0 1 2 3




Q21. What is the single biggest worry preventing you from using a tool like this on real patients?

7 responses

4 Summarise responses

Sources it's using and the reasoning

the wrong answers

Ai making up information

Responsibility and possibility of poor judgment

Wrong answers, cause we talking about putting someone’s life at risk
losing my critical thinking

Missing critical aspects of a case that the Ai doesn't focus on

Q22. What is one feature that, if added, would make you significantly more likely to use this?

Sresponses

4 Summarise responses

Trusted sources and international guidelines
real life statistics

Photo analysis

Real life Statistics

How other cases like the one | have have been handled
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Appendix B - User Manual / Testing Guide

This appendix explains how to run and test the dIAgnosis prototype locally. The system
is intended for demonstration and research purposes only. It has not been clinically

validated and must not be used for real patient care.
B.1 Requirements

To run the prototype, the following are required:

Python installed on the machine

o The dIAgnosis project folder or GitHub repository

e A stable internet connection

e Python dependencies installed from requirements.txt

e Valid API keys for the configured LLM providers

e Alocal .env file containing the required configuration values

The system uses external LLM APIs, so it will not generate reports unless valid API keys

are configured.
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B.2 Configuration

Before running the system, create a .env file in the project root. The file should contain

the backend API key, database path, and LLM provider keys.

Example configuration:

API_ KEY=your backend api_key

OPENAI API KEY=your openai_key
GROQ_API KEY=your groq key
ANTHROPIC API KEY=your anthropic_key
GEMINI_API KEY=your gemini_key

DATABASE PATH=./data/app.db

The actual API keys should not be committed to version control or shared publicly.

B.3 Installing Dependencies

Open a terminal inside the project folder and run:

pip install -r requirements.txt

If using a virtual environment, activate it before installing the dependencies, for example:

.\venv\Scripts\Activate

B.4 Starting the Backend

Run the FastAPI backend from the project root:
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uvicorn backend.main:app --reload

The backend should start locally at:

http://127.0.0.1:8000

B.5 Starting the Frontend

Open a second terminal in the project folder and run:

streamlit run frontend/app.py

The frontend should open in the browser at:

http://localhost:8501

B.6 Testing a New Consultation

To test the main workflow:

—_—

Open the Streamlit frontend.

2. Enter patient identification details.

3. Enter vital signs, symptoms, history, medications, allergies, and available test

results.

4. Select Generate Consensus.
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http://127.0.0.1:8000/
http://localhost:8501/

5. Wait for the system to query the model panel and generate the report.

Expected result: the Clinical Consensus Report should appear with a leading diagnosis,
certainty level, ranked differentials, investigations, red flags, safety checks, and worker

agreement information.

B.7 Testing Report Features

After a report is generated, test the main tabs:

1. Open the Clinical Report tab and review the summary, assessment, diagnoses,

investigations, red flags, and safety checks.

2. Open the Risk Tools tab and test calculators such as HEART, Wells, PERC,
gSOFA, and GCS.

3. Open the Evidence tab and run a PubMed search based on the leading diagnosis.

4. Open the Debate tab and start an optional debate round.

5. Open the Model Outputs tab and expand individual worker responses.

Expected result: the user should be able to inspect the final report, supporting tools,

evidence retrieval, debate output, and original worker drafts.

B.8 Testing Patient History
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To test longitudinal functionality:

1. Generate a consultation for a patient.

2. Return to the sidebar.

3. Create a follow-up visit for the same patient.

4. Enter new symptoms or updated findings.

5. Generate a new consensus report.

Expected result: the system should preserve the patient’s previous consultation and allow

the new visit to be linked to the patient’s history.

B.9 Testing Admin Analytics

To test the internal analytics dashboard:

1. Generate at least one consultation.

2. Open the admin/system analytics section.

3. Review report support, worker agreement, format completeness, unsupported-

content risk, and cases needing review.
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4. Run semantic panel consistency analysis if available.

Expected result: the dashboard should display structural QA and panel consistency

metrics for stored consultations.

B.10 Testing Clinical Benchmark Evaluation

To test the benchmark workflow:

1. Open the clinical evaluation section.

2. Import the provided benchmark template cases.

3. Select cases to run.

4. Choose the number of benchmark models.

5. Run the clinical benchmark.

6. Review the overall benchmark summary and case-level results.

Expected result: the system should report benchmark metrics such as panel match score,
Top-1 accuracy, Top-3 hit rate, unsafe omission rate, and panel-versus-best-single win

rate.

B.11 Notes and Limitations
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The prototype depends on external LLM providers, so response time and output may vary.
API failures, rate limits, or missing keys may prevent some models from responding. The

system is designed for local testing and demonstration, not public clinical deployment.

B-7



