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Abstract

Medical image analysis is essential for early diagnosis, treatment planning, and follow-
up care, but current AI solutions are often limited to producing isolated outputs instead
of helping real patients make informed next decisions. This thesis presents a compiled
study of three related AI systems that together move from image understanding to ac-
tionable guidance. First, for multi-class thoracic disease detection on chest X-rays, we
develop CXR-Adaptive using a standard YOLOv12 model trained with Inverse-Frequency
Weighted Upsampling and Anatomically-Constrained Test-Time Augmentation (CXR-
TTA) on the VinDr-CXR dataset. Under a controlled comparison protocol, the proposed
CXR-TTA achieves an mAP@0.5 of 0.442, which improves over the YOLOv11-MFF base-
line by 6.5%. Second, for brain tumor segmentation, we propose SS-UNETR, a centralized
fusion transformer architecture with a Multi-Scale Attentive Bottleneck that provides the
decoder with a complete multi-scale representation before reconstruction. Evaluated on
BraTS 2023, SS-UNETR achieves Dice Similarity Coefficients of 0.9106 (Whole Tumor),
0.8819 (Tumor Core), and 0.8625 (Enhancing Tumor), improving mean DSC by 2.76%
over the Swin UNETR baseline. Third, to connect diagnostic outputs to patient support,
we build OptiHealth, which combines vision models with a Llama-based large language
model enhanced by Retrieval-Augmented Generation (RAG) to generate personalized diet
and specialist referral recommendations grounded in a curated knowledge base. Opti-
Health further incorporates a tool-augmented Conversational Health Agent implemented
with LangChain and LangGraph, which orchestrates a state-graph ReAct loop over ten
domain-specific tools (electronic health record access, appointment scheduling, prescrip-
tion lookup, geospatial doctor search, real-time medicine information, and a dual-model
mental health analyzer) on top of a locally-hosted Gemma 4 E4B open-weights language
model. Expert qualitative assessment rated the resulting recommendations and agent in-
teractions as “Good” for factual accuracy and personalization. The main limitations are
that evaluations are performed on public benchmarks and the recommendation quality
is assessed through expert feedback rather than full clinical trials. Future work should
include cross-institution testing, larger user studies for safety validation, and integration
into real clinical workflows.
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1 Introduction

1.1 Background of the project
Modern healthcare is increasingly relying on artificial intelligence to help doctors and
medical staff analyze complex data more quickly and accurately. Medical imaging, in
particular, produces enormous amounts of data every day. Chest X-rays (CXR) are the
most common medical imaging study performed worldwide, while brain MRI scans are
essential for diagnosing and monitoring tumors. At the same time, patients also need
ongoing personalized guidance about their diet and the right specialists to see. Each of
these tasks, taken individually, is already a hard problem. Taking them together as part
of one system that actually helps a patient is even harder.

Deep learning has shown great promise in all three areas. Object detection mod-
els like the YOLO family can find and label abnormalities in chest X-rays very quickly
[59]. Encoder-decoder architectures like U-Net and its transformer-based variants can pre-
cisely segment tumor regions in 3D MRI volumes [32, 60]. Large language models (LLMs)
enhanced with Retrieval-Augmented Generation (RAG) can generate personalized recom-
mendations that are grounded in verified medical knowledge [17, 54]. More recently, the
emergence of agentic LLM frameworks such as LangChain [14] and LangGraph [43] has
made it possible to move past single-turn question answering toward stateful, tool-using
assistants that can reason, call external functions, and combine their results over multiple
turns—an interaction pattern popularised by the ReAct paradigm [84]. This capability is
particularly compelling in healthcare, where a useful assistant must not only talk to the
patient but also access their records, look up medicines, and book appointments on their
behalf.

This thesis brings together three research projects that we developed and published
during our undergraduate program. Each project targets one of these problem areas, and
together they form a cohesive study of AI-driven multi-modal medical analysis.
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1.2 Problem Statement
The central thesis of this work is: existing medical AI systems are fragmented—each
optimized for a single task in isolation, with no pathway from raw imaging analysis to
actionable patient guidance. This thesis addresses that fragmentation by building, evalu-
ating, and integrating three complementary AI systems that together form a diagnostic-
to-recommendation pipeline for multi-modal medical analysis.

Within this unified goal, three concrete technical problems were identified:

1. Thoracic disease detection is dominated by complex bespoke architec-
tures. Recent work like YOLOv11-MFF adds frequency-aware gates and multi-
scale modules to standard YOLO backbones to improve chest X-ray disease detec-
tion. We hypothesize that disciplined data-centric strategies on a stronger base ar-
chitecture can match or exceed these complex designs without any custom components—
reducing engineering overhead while maintaining diagnostic accuracy.

2. Brain tumor segmentation models fuse features in a distributed, one-
to-one manner. Most U-Net and transformer-based segmentation models pass
encoder features to the decoder one level at a time. The decoder begins reconstruc-
tion without access to the full multi-scale encoder context. We hypothesize that
centralizing multi-scale fusion into a single bottleneck before the decoder begins
can provide richer starting representations and improve segmentation of heteroge-
neous tumor sub-regions.

3. Strong diagnostic models do not translate to patient guidance. A model
outputting a bounding box or segmentation mask offers no actionable path for a
patient. Bridging this last mile from diagnosis to personalized recommendation re-
quires a platform that integrates computer vision outputs with a grounded language
model, and a conversational interface that can reach into the patient’s longitudi-
nal record to act on that guidance. A static RAG pipeline alone cannot retrieve
a specific patient’s prescription history, book a cardiology appointment near their
home, or look up the price of a brand-name medicine in the local market. This
is the integrative goal that OptiHealth addresses by pairing proven baseline vision
models with a RAG-grounded recommender and a tool-using conversational agent
that collectively close the loop from image to action.

1.3 Research Questions
1. Can a standard YOLOv12 model trained with data-centric strategies outperform

architecturally complex YOLO variants on multi-class thoracic disease detection?
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2. Can centralized multi-scale feature fusion in a bottleneck module improve brain tu-
mor segmentation accuracy compared to the conventional distributed skip-connection
approach?

3. Can a research prototype platform combine computer vision diagnostics with an
LLM-powered RAG pipeline to deliver evidence-grounded health recommendations
under pilot evaluation?

4. Can a tool-augmented, graph-orchestrated conversational agent, built on top of
the same platform, safely mediate between the patient and their electronic health
record, medicine catalogues, and appointment system while preserving privacy and
auditability?

1.4 Outcome of the project
This thesis makes three main contributions, corresponding to the three research papers:

1. CXR-Adaptive [2]: A data-centric training and inference protocol built on a
standard YOLOv12n detector for multi-class thoracic disease detection on VinDr-
CXR, including Inverse-Frequency Weighted Upsampling and CXR-TTA, evaluated
against the published YOLOv11-MFF baseline under the same internal stratified
split of the 15,000-image training set (750-image evaluation subset, seed 1234). Un-
der that YOLOv11-MFF-aligned protocol—not the official 3,000-image challenge
test partition—CXR-TTA attains mAP@0.5 of 0.442, achieving state-of-the-art per-
formance among YOLO-family detectors compared in Table 6.1, in the lineage of
strong specialised VinDr-CXR detectors such as YOLO-CXR [28] but without be-
spoke architectural modules; superiority on the official challenge test partition or
over non-YOLO detectors is not asserted.

2. SS-UNETR: A novel medical image segmentation architecture with a Multi-Scale
Attentive Bottleneck for centralized feature fusion, validated on BraTS 2023, achiev-
ing superior Dice scores across all three tumor sub-regions.

3. OptiHealth: A multi-modal AI health-management research prototype combin-
ing the same YOLOv12-based CXR pipeline (with inverse-frequency weighted up-
sampling), SS-UNETR, and a Llama 4 17B RAG pipeline grounded in recognized
manuals stored in ChromaDB, to connect diagnostic outputs with traceable, pilot-
evaluated guidance interfaces. OptiHealth further embeds a Conversational Health
Agent implemented with LangChain and LangGraph [14, 43]: a ReAct-style [84]
state graph orchestrates ten patient-scoped tools (EHR access, appointment and
prescription queries, geospatial doctor search, appointment creation, real-time medicine
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lookup from the MedEx Bangladesh catalogue, and a dual-model mental health ana-
lyzer combining a RoBERTa well-being scorer with a BART-MNLI zero-shot symp-
tom detector). The agent runs on a locally-hosted Gemma 4 E4B open-weights
model [22], chosen for its hybrid local/global attention, 128K-token context, and
explicit support for on-device agentic workflows. All tool invocations respect the
same JWT/RBAC context as the rest of the platform and decrypt encrypted per-
sonal health records through a per-session PIN propagated via thread-local storage,
keeping the agent aligned with OptiHealth’s broader safety and auditability goals.
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2 Literature Review

2.1 Overview
This chapter reviews the existing literature in three areas that directly inform our work:
multi-class chest X-ray disease detection using YOLO-based methods, brain tumor seg-
mentation using CNN and transformer architectures, and AI-powered health management
systems with LLMs.

2.2 Chest X-Ray Disease Detection
Chest X-ray imaging is the most widely used first-line screening tool for thoracic diseases
including pneumonia, tuberculosis, COPD, and malignancies [68, 79]. Automated analysis
is challenging because abnormalities can be subtle, overlapping, and highly variable in
appearance, and datasets often exhibit severe class imbalance [53, 69].

Early deep learning approaches focused on single-disease classification. CheXNet [57]
demonstrated radiologist-level pneumonia detection using a DenseNet-121. Image-based
deep learning has since proven effective for identifying a wide range of treatable dis-
eases [39]. Detection-based methods using YOLO architectures gained popularity for
their speed. YOLOv5-based methods showed that real-time detection of thoracic ab-
normalities was feasible on large-scale datasets like VinDr-CXR [19]. More recent work
has proposed architectural customizations to YOLO for CXR analysis. YOLO-CXR [28]
added an extra high-resolution detection head to catch small lesions. YOLOv11-MFF [24]
introduced Frequency-Adaptive Hybrid Gates and multi-scale parallel convolutions. The
key architectural enhancements of YOLOv11 have been surveyed in detail [41, 58].

Addressing class imbalance is another key research direction. The LVIS benchmark
introduced Repeat Factor Sampling [26], which was later adapted for long-tail recog-
nition. Multi-label classification with attention mechanisms [36] and feature pyramid
networks [47] have also been applied to multi-pathology CXR analysis. Novel multi-label
approaches for common thorax diseases have demonstrated strong classification perfor-
mance [3]. Test-Time Augmentation (TTA) is a well-known inference-time strategy to
improve model predictions by averaging over multiple transformed versions of the input,
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but applying standard TTA transformations like vertical flips to CXR images produces
anatomically invalid images that degrade performance. Object detection methods such as
Sparse R-CNN [70], TridentNet [46], and DualAttNet [83] have also been benchmarked
on thoracic disease detection tasks, along with the YOLOv9 [74] architecture.

Advanced detection techniques such as saliency-guided sparse detection [6] have ex-
plored ways to improve localization in sparse or noisy inputs, a challenge shared with
medical imaging. Our CXR-Adaptive framework [2] builds on this prior work by demon-
strating that a standard YOLOv12 [72] backbone, combined with principled data-centric
strategies, renders domain-specific architectural modules unnecessary.

2.3 Brain Tumor Segmentation
Accurate segmentation of brain tumors from multi-parametric MRI is essential for diag-
nosis, treatment planning, and monitoring [51]. The BraTS challenge [7, 10, 45] has been
the main benchmark for this task since 2012.

The U-Net architecture [60] established the encoder-decoder with skip connections
paradigm that almost all modern segmentation models still use. Key innovations include
3D U-Net [16] for volumetric data, UNet++ [87] with nested skip connections, Attention
U-Net [55], and the nnU-Net framework [35] which automates architecture configuration.

Vision Transformers (ViTs) [18] brought global self-attention to segmentation. The
Swin Transformer [48] introduced shifted-window attention with linear complexity, en-
abling it to handle 3D volumetric data. Swin UNETR [32] combined a Swin Transformer
encoder with a CNN decoder and set strong baselines on BraTS. TransUNet [15], UN-
ETR [33], TransBTS [76], CoTr [82], and Swin-UNet [12] all proposed different ways of
combining transformers with segmentation architectures.

A common design principle across all of these is the distributed feature fusion paradigm:
encoder features are passed to the decoder one level at a time through skip connections.
Our proposed SS-UNETR challenges this by introducing a centralized “many-to-one” fu-
sion bottleneck that aggregates features from five strategic encoder locations before the
decoder begins reconstruction.

2.4 AI-Powered Health Management Systems
The integration of AI into digital health platforms has grown substantially. Wearable
and IoT-based systems now continuously monitor vital signs and can trigger early inter-
ventions [1, 5, 20, 38, 50, 64, 81]. These systems have shown effectiveness in managing
chronic conditions like heart disease and diabetes [25, 30, 62, 65]. Comprehensive sur-
veys of real-time health monitoring systems confirm the value of continuous data analysis
for early risk detection [56, 61]. Remote monitoring is especially important for cardiac
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patients, where early prediction of heart failure events can reduce emergency admissions
[4, 8, 9, 73]. Surveillance systems providing population-level data on heart disease and
stroke are essential for driving prevention programs [23]. Mobile health technologies,
including smartphone applications and wearables, have been used to manage ischemic
heart disease, hypertension, and heart failure [34, 40, 49]. Cloud-based health plat-
forms like HealthCloud [17], HYDRA [54], and eWALL [42] integrate predictive analytics
with patient-centric workflows. Benchmark datasets such as the PTB Diagnostic ECG
Database [11] provide standardized data for evaluating cardiac monitoring algorithms.

In medical image analysis, computer-aided diagnosis systems using YOLO for object
detection [37, 59] and Swin UNETR [31] for segmentation have demonstrated strong
diagnostic support capabilities. The challenge is connecting these diagnostic outputs to
actionable patient guidance. Comparative benchmarks on VinDr-CXR [27] have evaluated
a range of detection networks across this challenge.

Large Language Models represent a major opportunity for generating personalized
health advice, but they carry risks of generating clinically inaccurate information. RAG
pipelines address this by grounding LLM outputs in verified knowledge bases [17]. The
MONAI framework [13] supports rapid prototyping of segmentation models in healthcare
settings.

Our OptiHealth system combines YOLOv12-based CXR detection (with inverse-frequency
weighted upsampling), SS-UNETR-based brain tumor segmentation, and a Llama 4 17B
model with a RAG pipeline anchored to recognized health manuals in ChromaDB, imple-
mented as a research prototype that links multi-modal diagnostics with grounded recom-
mendation interfaces rather than as a deployed clinical product.

To consolidate this survey and situate our contribution against the broader land-
scape, Table 2.1 contrasts OptiHealth with the prevailing health-management paradigm
discussed above. The comparison is deliberately feature-by-feature—covering system ob-
jective, AI modality coverage, disease scope, personalisation strategy, data handling,
system-level output, validation regime, and privacy posture—so that the architectural
and methodological choices introduced in the chapters that follow can be read against a
single consolidated baseline.
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Table 2.1: Comparative analysis of OptiHealth against existing health-management
paradigms.

Feature Existing Paradigm OptiHealth (Proposed)

Objective Clinician-focused diagnostic
aid

Holistic, patient-centric health
management that also supports
clinicians

AI Modalities Unimodal (typically CV-
only)

Multi-modal: YOLOv12
(CXR-Adaptive), SS-UNETR,
Llama 4 17B+RAG, and a
LangGraph-orchestrated con-
versational agent

Scope Single-task or single-disease
detectors

Multi-disease, multi-organ anal-
ysis integrated across imaging,
text, and structured EHR data

Personalisation Static rules or templated ad-
vice

LLM-generated recommenda-
tions grounded in a patient-
specific EHR context and a
curated evidence base

Data Handling Task-specific datasets in iso-
lation

Unified patient profile that ag-
gregates EMR, self-input, and
diagnostic outputs under a con-
sistent schema

System Output Raw model artefacts (boxes,
masks)

Actionable recommendations,
audit-logged agent dialogues,
and traceable evidence citations

Validation Quantitative metrics only Quantitative benchmarks + pi-
lot qualitative evaluation + ex-
plicit privacy/audit accounting

Privacy External inference endpoints
common

In-cluster inference (Llama 4
and Gemma 4 E4B both served
locally); PHI decryption gated
by thread-local PIN

Three contrasts stand out from Table 2.1. First, prior systems typically optimise for
a single modality or a single disease, whereas OptiHealth integrates detection, segmen-
tation, retrieval-augmented recommendation, and agentic action under a unified patient
schema. Second, personalisation in the surveyed literature generally relies on static rules
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or templated advice, while OptiHealth grounds every recommendation in a patient-specific
context and a curated evidence base, preserving citation-level traceability from the ad-
vice back to its source. Third, and most consequential for clinical deployability, privacy
is rarely treated as a first-class design axis in prior work: OptiHealth explicitly serves
both Llama 4 and Gemma 4 E4B in-cluster and gates every PHI access through a thread-
local PIN, so no patient data leaves the deployment boundary during inference or agent
reasoning. The chapters that follow verify these distinctions empirically rather than only
architecturally.

2.5 Tool-Augmented LLM Agents for Healthcare
While retrieval augmentation grounds a language model in external documents, a sep-
arate line of work allows the model to act on external systems through tool use. The
ReAct paradigm [84] interleaves natural-language reasoning with tool invocations, letting
the model decompose a task, call a function, observe the result, and iterate. Toolformer
[63] showed that LLMs can be taught to self-annotate when and how to call APIs, while
Chain-of-Thought prompting [78] established the reasoning backbone that later agentic
frameworks operationalise. Surveys of LLM-based autonomous agents [75, 80] organ-
ise these systems around four recurring components—planning, memory, tool use, and
environment—and highlight the recurring trade-off between agent autonomy and safety.

Two open-source frameworks now dominate practical agent construction. LangChain
[14] provides high-level abstractions for LLMs, prompts, tools, memory, and chains, and
has become the de-facto substrate for RAG and tool-calling applications. LangGraph [43]
extends this with a graph-based runtime: developers declare nodes (reasoning steps, tool
executors) and conditional edges, turning what was once an opaque prompt loop into
an inspectable state machine that supports branching, retries, and human-in-the-loop
checkpoints. This makes LangGraph especially attractive for healthcare, where every
tool call on a patient record must be auditable.

Healthcare-specific LLMs such as Med-PaLM [66] have reached expert-level accuracy
on medical question-answering benchmarks, but they remain stateless oracles—they can-
not pull a specific patient’s lab results or book an appointment. Recent work on clinical
agents begins to close this gap: MedAgents [71] orchestrates multiple LLM “experts”
around a clinical question, Almanac [86] couples retrieval with tool use for evidence-
grounded clinical reasoning, and patient-facing assistants such as those described in [67]
explore multi-turn interaction with longitudinal data. In parallel, the open-weights ecosys-
tem has matured to the point where clinically capable agents can run entirely on local
hardware: the Gemma family [21] and most recently Gemma 4 [22]—which interleaves
local sliding-window attention with full-global attention, supports a 128K-token context
on the E4B variant, and is explicitly tuned for agentic workflows—makes on-premise
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deployment of tool-using medical assistants a reproducible alternative to API-hosted
models. This matters for healthcare, where data residency and auditability are often
non-negotiable.

A separate strand of work focuses on natural-language mental health screening. Zero-
shot classification with natural language inference (NLI) models, popularised by BART-
MNLI [44, 85], allows symptom categories to be probed without task-specific fine-tuning,
while large sentiment encoders such as SiEBERT [29] provide stable valence scores on free-
text input. Combining these two families—a scorer that quantifies overall affective state
and a detective that flags specific clinical symptoms—gives a lightweight but interpretable
screening signal that complements, rather than replaces, formal psychiatric assessment.

Our Health Agent, described in Section 4.4.8, sits at the intersection of these threads.
It uses LangGraph to orchestrate a ReAct-style loop over ten patient-scoped tools on top
of the OptiHealth backend, runs the reasoning node on a locally-hosted Gemma 4 E4B
model, and embeds the SiEBERT + BART-MNLI dual-model analyzer as one of its tools
for mental health screening. It therefore extends prior clinical-agent research with a full-
stack, privacy-aware, and entirely on-premise deployment rather than a benchmark-only
or API-tethered prototype.
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3 Dataset

3.1 Dataset Overview
This chapter describes the datasets used across our three works. Each dataset was chosen
to match the specific task requirements of the respective paper.

3.2 VinDr-CXR Dataset
For the thoracic disease detection task [2], we used the VinDr-CXR dataset [53]. VinDr-
CXR is a large-scale, open-access chest X-ray benchmark collected from two major Viet-
namese hospitals. It contains 18,000 postero-anterior (PA) chest X-ray scans.

The training set consists of 15,000 images independently annotated by three radiolo-
gists, while the official challenge partition reserves 3,000 images annotated by a consensus
of five radiologists for independent test-set evaluation. The dataset covers 14 pathology
categories including Aortic Enlargement, Atelectasis, Calcification, Cardiomegaly, Con-
solidation, ILD, Infiltration, Lung Opacity, Nodule/Mass, Other Lesion, Pleural Effusion,
Pleural Thickening, Pneumothorax, and Pulmonary Fibrosis.

The official 3,000-image test partition is held out by the benchmark organisers for
challenge submission and is not the evaluation set used in the YOLO-family compari-
son reported in this thesis. Following YOLOv11-MFF [24], all quantitative VinDr-CXR
results here use an internal stratified split of the 15,000-image training split only: 80%
training (12,000 images), 15% validation (2,250 images), and 5% test (750 images), fixed
by random seed 1234. This protocol matches the published baseline and isolates method-
ological differences from evaluation on the reserved official test images.
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Table 3.1: VinDr-CXR Dataset Summary

Property Value

Total Images 18,000

Training Images 15,000

Test Images 3,000

Bounding Box Annotations 22,719

Number of Pathology Classes 14

Annotation (Train) 3 radiologists

Annotation (Test) 5 radiologists (consensus)

A key characteristic of VinDr-CXR is its severe class imbalance. Common structural
findings like Aortic Enlargement vastly outnumber rare but critical pathologies like Pneu-
mothorax. This imbalance is a primary motivation for our Inverse-Frequency Weighted
Upsampling strategy.

3.3 BraTS 2023 Dataset
For the brain tumor segmentation task, we used the BraTS 2023 Adult Glioma dataset
[45, 51]. This is the standard benchmark for brain tumor segmentation, providing pre-
operative multimodal MRI scans collected from multiple institutions worldwide.

Each subject in the dataset includes four co-registered MRI modalities: T1-weighted
(T1), post-contrast T1-weighted (T1c), T2-weighted (T2), and T2 Fluid Attenuated In-
version Recovery (FLAIR). These modalities provide complementary information about
tumor tissue properties, as illustrated in Figure 1.

Figure 1: Representative multi-parametric MRI data from the BraTS 2023 dataset show-
ing the four input modalities (T1, T1c, T2, FLAIR) and corresponding ground truth
segmentation. Red indicates necrotic/non-enhancing core, green represents peritumoral
edema, and blue denotes enhancing tumor.

The ground truth annotations were prepared by expert neuroradiologists and delineate
three clinically significant tumor regions:
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• Tumor Core (TC): necrotic/non-enhancing core and enhancing tumor (labels 1
+ 3)

• Whole Tumor (WT): includes all tumor sub-regions (labels 1 + 2 + 3)

• Enhancing Tumor (ET): the actively enhancing region (label 3)

Table 3.2: BraTS 2023 Dataset Summary

Property Value

Total Training Cases 1,251

Validation Cases 219

MRI Modalities per Subject 4 (T1, T1c, T2, FLAIR)

Tumor Sub-regions (Evaluation) 3 (TC, WT, ET)

Spatial Resolution 1× 1× 1 mm isotropic

Development Split 80% training / 20% internal validation (seed 42)

All MRI volumes are pre-processed by co-registering to the T1c volume, resampling
to an isotropic resolution of 1× 1× 1 mm3, skull-stripping, and applying per-patient per-
modality z-score normalization on non-zero voxels. In the SS-UNETR training pipeline,
the label channels are constructed in the order TC, WT, and ET to match the DiceCE
loss and validation-metric computation.

3.4 Knowledge Base for OptiHealth RAG
For the OptiHealth system, a curated medical and nutritional knowledge base was as-
sembled to ground the LLM recommendations. The knowledge base was built from au-
thoritative sources including peer-reviewed nutritional journals, FDA dietary guidelines,
World Health Organization recommendations, clinical nutrition textbooks, and the USDA
National Nutrient Database.

This corpus, containing over 15,000 documents covering therapeutic diets, macronu-
trient profiles, food interactions, and cultural dietary preferences, was processed into
384-dimensional embeddings using the Sentence Transformers “all-MiniLM-L6-v2” model
and indexed in a ChromaDB vector database for efficient semantic retrieval.
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4 Methodology

4.1 Overview
This chapter describes the methodology behind each of our three contributions. The three
systems address different medical AI problems but share common design principles: care-
ful treatment of data, respect for domain-specific constraints, and preference for simple,
well-understood solutions over complex custom components.

Beyond those shared design principles, the three systems also share a single engineering
substrate. Rather than compose each model in a separate environment, we train, evaluate,
and deploy CXR-Adaptive, SS-UNETR, and the OptiHealth platform on top of a unified
technology stack whose major components are listed in Table 4.1. Introducing the stack
here, before any individual system is described, serves three purposes. First, it establishes
the deployment envelope that underlies every architectural choice presented in the remain-
der of the chapter: every checkpoint evaluated in the research sections is architecturally
identical to the checkpoint ultimately served inside OptiHealth, because both are trained
and served through the same PyTorch-based pipeline and containerised under the same
orchestration layer. Second, it consolidates the shared framework vocabulary—PyTorch,
MONAI, Hugging Face Transformers, LangChain, LangGraph, ChromaDB—into a single
authoritative reference, so that later sections can introduce a framework by name without
redefining it or recapitulating its role. Third, it makes the on-premise boundary of the the-
sis an explicit, up-front constraint: every component in Table 4.1 is either open-source or
self-hostable, and the table itself therefore doubles as a declaration that no patient-facing
reasoning step in this thesis depends on a third-party inference endpoint.

Each row of Table 4.1 maps to a specific role in the end-to-end workflow. The train-
ing stack (PyTorch, MONAI, Hugging Face Transformers) produces every model check-
point reported in the subsequent sections. The agent stack (LangChain, LangGraph)
wraps a locally-served language model with a structured tool-calling graph that forms
the orchestration core of the Conversational Health Agent. The storage layer combines a
relational store for structured clinical data (PostgreSQL) with a vector index for retrieval-
augmented generation (ChromaDB). The delivery layer (Docker, Kubernetes, Kustomize,
Ingress-NGINX, GitHub Actions, MinIO) packages each AI service as an independently-
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Table 4.1: Unified technology stack shared across CXR-Adaptive, SS-UNETR, and the
OptiHealth platform. Every component listed is either open-source or self-hostable, so
that the deployment envelope of every contribution is fully on-premise.

Category Technology
Frontend Next.js 14, React 18, Redux, Tailwind CSS
Backend Django REST Framework, Python
Databases PostgreSQL (relational), ChromaDB (vector)
AI/ML Frameworks PyTorch, Hugging Face Transformers, MONAI
Agent Frameworks LangChain, LangGraph
AI Models YOLOv12 (IFWU), SS-UNETR, Llama 4 17B (INT8,

RAG), Gemma 4 E4B (local agent backbone)
Containerization Docker
Orchestration Kubernetes, Kustomize
CI/CD GitHub Actions
Object Storage MinIO
API Gateway Ingress-NGINX

scalable microservice behind a single reverse proxy, and is instantiated identically for
development, evaluation, and deployment. The remainder of this chapter introduces each
contribution in turn—CXR-Adaptive (Section 4.2), SS-UNETR (Section 4.3), and the
OptiHealth platform (Section 4.4)—each of which draws from the same stack without
introducing components that sit outside it.

4.2 Thoracic Disease Detection: CXR-Adaptive

4.2.1 Architectural Paradigm: From Convolution to Attention

Rather than augmenting a YOLO backbone with domain-specific modules, we adopt
the standard YOLOv12n (nano) architecture [72] (Figure 2). YOLOv12 shifts from the
“Local-First” philosophy of YOLOv11 to a “Global-First” attention-centric paradigm.

The backbone replaces local convolution blocks with the Area Attention (A2) mech-
anism, which partitions feature maps into regions and models global dependencies within
each partition. This reduces the quadratic complexity of full self-attention while still cap-
turing long-range spatial relationships essential for detecting diffuse pathologies like ILD
and Infiltration. To support deep attention layers, YOLOv12 uses Residual Efficient
Layer Aggregation Networks (R-ELAN), which scale residual shortcuts to maintain
stable gradient flow during aggressive fine-tuning. The model was initialized with COCO
pre-trained weights for transfer learning.
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Figure 2: YOLOv12’s A2 Area Attention and R-ELAN modules enable global modeling
without any external feature-fusion components.

4.2.2 Inverse-Frequency Weighted Upsampling

Standard random sampling causes poor convergence on rare pathology classes because
the model rarely encounters those classes during training. We address this with Inverse-
Frequency Weighted Upsampling (Figure 3), adapting the Repeat Factor Sampling con-
cept from the LVIS benchmark [26] to thoracic pathology detection.

Unlike loss-level re-weighting such as Focal Loss, which modulates gradient contribu-
tions but does not change how often the model sees rare categories, our strategy operates
at the data sampling level. For each pathology class c, a weight wc inversely proportional
to its annotation frequency is computed:

wc =
Ntotal

Nc

(4.1)

where Ntotal is the total number of bounding boxes and Nc is the count for class c. Each
training image I receives a sampling weight by summing the weights of its annotated
boxes BI :

Wimg =
∑
b∈BI

wc(b) (4.2)

These weights are normalized by the median image weight and clipped to yield the repeat
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Figure 3: (a) Original biased class distribution in VinDr-CXR; (b) Inverse-frequency
weighting ensures frequent exposure to rare classes like Pneumothorax and ILD per train-
ing epoch.

factor:
Rimg = clip

(
round

(
Wimg

median(W )

)
, 1, 5

)
(4.3)

Images containing rare pathologies appear up to 5× more frequently per epoch. The
upper bound of 5 prevents gradient instability from unbounded repetition.

4.2.3 CXR-TTA: Anatomically-Constrained Test-Time Augmen-
tation

Standard TTA applies vertical flips and 90-degree rotations, which produce anatomically
invalid radiographs—vertical flips invert the superior-inferior axis, and rotations violate
the gravitational orientation of pleural fluid and mediastinal structures. We introduce
CXR-TTA (Figure 4), restricted to anatomically valid transformations only.

The three inference streams are:

1. The original image at its native scale

2. A horizontal flip (exploiting bilateral lung symmetry)

3. Multi-scale inference at 448px and 512px resolutions

Predictions from all streams are merged via Non-Maximum Suppression (NMS) with
IoU threshold σ = 0.5. NMS preserves the most confident detections and avoids the coor-
dinate drift introduced by Weighted Box Fusion (WBF), which is critical for localization
precision.

The 448px scale was found to outperform 640px despite being lower resolution. We
hypothesize that slight downscaling acts as spectral regularization, suppressing high-
frequency bone texture noise while preserving low-frequency pathology patterns.
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CXR-TTA: Anatomically-Constrained Test-Time Augmentation Pipeline 
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Figure 4: CXR-TTA: Ensembles 448px/512px scales and horizontal flips; anatomically
invalid transforms such as vertical flips and rotations are strictly excluded.

4.3 Brain Tumor Segmentation: SS-UNETR

4.3.1 Architectural Motivation and Overall Design

Conventional U-shaped segmentation networks for volumetric brain MRI, including Swin UN-
ETR [32], propagate encoder representations to the decoder through stage-wise skip con-
nections. This design implicitly assumes that each encoder stage encodes information
complementary to its symmetrically positioned decoder stage, and that pairwise con-
catenation is sufficient to recover the spatial detail attenuated during downsampling. In
practice, however, the deepest encoder representation alone is responsible for supplying
the global semantic context that drives the entire decoding cascade—a single feature map
at H/32 × W/32 × D/32 resolution must summarize tumor morphology, edema extent,
and surrounding parenchymal context simultaneously.

We propose SS-UNETR (Symmetric Swin UNETR) to address this bottleneck-capacity
limitation. As shown in Figure 5, the architecture comprises three coordinated compo-
nents: (i) a dual-path hierarchical encoder that combines a Swin Transformer V1 back-
bone with a parallel shallow convolutional branch; (ii) a Multi-Scale Attentive Bottle-
neck (MSAB) that aggregates features from five strategically selected encoder locations
through independent self-attention, trilinear spatial harmonization, channel-wise concate-
nation, and 1×1×1 convolutional fusion; and (iii) a five-stage symmetric convolutional
decoder that progressively recovers full input resolution through transposed convolutions
and residual refinement blocks. The remainder of this section formalizes each component.
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Figure 5: SS-UNETR architecture, comprising a dual-path Swin encoder, the proposed
Multi-Scale Attentive Bottleneck, and a symmetric convolutional decoder for TC, WT,
and ET segmentation.

4.3.2 Dual-Path Hierarchical Encoder

Given an input multimodal 3D MRI volume X ∈ R4×H×W×D with four channels loaded in
the implementation order T1ce, T1, FLAIR, and T2, the encoder produces representations
along two complementary pathways.

The primary pathway is a four-stage hierarchical Swin Transformer with non-
overlapping patch partitioning, shifted window-based multi-head self-attention (W-MSA
/ SW-MSA), and patch-merging downsampling at the boundary of each stage. We adopt
the original Swin Transformer V1 formulation with stage depths (2, 2, 2, 2), head counts
(3, 6, 12, 24), and a 73 window size. The patch-embedding layer first projects the input
volume into a feature representation at half the input resolution:

h0 = PatchEmbed(X) ∈ RF×H/2×W/2×D/2 (4.4)

Each subsequent Swin stage applies two transformer blocks followed by a 2× patch-
merging operation that doubles the channel dimension while halving each spatial dimen-
sion:

hi = SwinStagei(hi−1), i ∈ {1, 2, 3, 4} (4.5)

producing the hierarchy of feature maps summarized in Table 4.2.
The auxiliary pathway is a shallow residual convolutional branch that operates

directly on the original input volume:

enc0 = UnetrBasicBlock(X) ∈ RF×H×W×D (4.6)
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implemented as a sequence of 33 convolutions, instance normalization, ReLU activation,
and a residual connection. This branch preserves the high-frequency texture information
that is irrecoverably lost when the patch-embedding layer downsamples by a factor of
two. The full-resolution feature enc0 is later consumed both as a multi-scale input to
the bottleneck and as the shallowest decoder skip connection, ensuring that voxel-level
spatial fidelity is restored at the final output stage.

Table 4.2: SS-UNETR layer dimensions for an input volume of shape 4 × H × W × D
with base feature size F = 48.

Stage Spatial Resolution Channels
Shallow Conv (enc0) H ×W ×D F

Patch Embed (h0) H/2×W/2×D/2 F

Swin Stage 1 (h1) H/4×W/4×D/4 2F

Swin Stage 2 (h2) H/8×W/8×D/8 4F

Swin Stage 3 (h3) H/16×W/16×D/16 8F

Swin Stage 4 (h4) H/32×W/32×D/32 16F

Bottleneck Output (Bout) H/32×W/32×D/32 32F

4.3.3 Multi-Scale Attentive Bottleneck

The Multi-Scale Attentive Bottleneck (MSAB) constitutes the principal architectural con-
tribution of SS-UNETR. Rather than relying on the deepest encoder feature alone to pro-
vide global semantic context, the MSAB constructs the bottleneck representation from
five feature maps drawn from across the encoder hierarchy: {enc0, h0, h1, h2, h4}.

Notably, h3 is deliberately omitted from this set. Including all five Swin outputs
together with enc0 would consume h3 in the bottleneck and leave no skip connection
at the H/16 resolution, forcing the deepest decoder stage to upsample directly from
the bottleneck without an intermediate-resolution guide. By withholding h3 from the
bottleneck and routing it instead as the skip connection to the deepest decoder block
(Decoder 5), SS-UNETR preserves a complete five-resolution decoder skip chain while
still aggregating multi-scale context from the remaining four Swin outputs and the shallow
auxiliary branch.

Per-scale self-attention. Each of the five selected feature maps is first refined indepen-
dently through a non-local 3D attention block adapted from the deeply attentive feature
aggregation module of DAF3D [77]. We denote this operation as AttentionModule(·, ·);
when invoked with the same feature map as both arguments, it acts as a self-attention
refinement:

fatt
k = AttentionModule(fk, fk), fk ∈ {enc0, h0, h1, h2, h4} (4.7)
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The block internally concatenates its two inputs along the channel dimension, projects
them through convolutional sub-layers, normalizes the response with instance normaliza-
tion, and produces a refined feature map of the same shape as fk. This per-scale refinement
allows each resolution to emphasize its most informative spatial locations before being in-
corporated into the global fusion.

Spatial harmonization. Because the five attended feature maps occupy four distinct
spatial resolutions, they cannot be combined directly. We harmonize them to the deepest
resolution—that of h4, namely H/32×W/32×D/32—through trilinear interpolation:

fharm
k = Interpolatetrilinear

(
fatt
k , size = (H/32, W/32, D/32)

)
(4.8)

Downsampling to the smallest common resolution (rather than upsampling to the largest)
preserves channel information from the deepest stage exactly while keeping the bottleneck
volume computationally tractable.

Channel-wise concatenation and fusion. The five harmonized feature maps are
concatenated along the channel dimension and fused through a 1×1×1 convolution that
learns an optimal cross-scale weighting:

Fcat = Concat
[
fharm
enc0

, fharm
h0

, fharm
h1

, fharm
h2

, fharm
h4

]
(4.9)

Bout = Conv1×1×1(Fcat) (4.10)

The concatenated tensor has F+F+2F+4F+16F = 24F channels, which the fusion con-
volution projects to 32F output channels. The resulting tensor Bout ∈ R32F×H/32×W/32×D/32

is a compact representation that simultaneously encodes high-frequency spatial detail
(from enc0 and h0) and high-level semantic abstraction (from h4), giving the decoder a
substantially richer starting point than any single-scale bottleneck could provide.

4.3.4 Symmetric Convolutional Decoder

The decoder mirrors the encoder with five CustomUpBlock stages, each applying a 2×
transposed 3D convolution to upsample its input, concatenating the result with the cor-
responding encoder skip along the channel axis, and refining the merged feature map
through a UnetrBasicBlock (a 33 convolution–instance normalization–ReLU–33 convolution–
instance normalization sequence with a residual connection). The full decoder cascade
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is:

dec5 = CustomUpBlock(Bout, h3) (4.11)
dec4 = CustomUpBlock(dec5, h2) (4.12)
dec3 = CustomUpBlock(dec4, h1) (4.13)
dec2 = CustomUpBlock(dec3, h0) (4.14)
dec1 = CustomUpBlock(dec2, enc0) (4.15)

Y = UnetOutBlock(dec1) (4.16)

where each deck has the same spatial resolution as its corresponding skip connection,
and the final UnetOutBlock is a 1×1×1 convolution that maps F feature channels to
three segmentation channels corresponding to Tumor Core (TC), Whole Tumor (WT),
and Enhancing Tumor (ET). The output tensor Y ∈ R3×H×W×D recovers the full input
resolution.

We retain a convolutional decoder—rather than a symmetrically transformer-based
one—because the decoding task is dominated by local spatial refinement under the guid-
ance of skip connections, where convolutional inductive biases (translation equivariance,
local connectivity) are advantageous. The MSAB-fused bottleneck supplies the global
context that a purely convolutional decoder would otherwise lack, decoupling the respon-
sibility of global reasoning (handled by the encoder and bottleneck) from the responsibility
of local reconstruction (handled by the decoder).

4.3.5 Loss Function

SS-UNETR is trained with a compound DiceCE loss that combines region-overlap super-
vision with voxel-level cross-entropy:

L = LDice + LCE (4.17)

where, for N voxels and per-class softmax probabilities pi against one-hot ground truth
gi,

LDice = 1− 2
∑N

i=1 pigi + ϵ∑N
i=1 pi +

∑N
i=1 gi + ϵ

(4.18)

LCE = −
N∑
i=1

gi log(pi) (4.19)

The Dice term directly optimizes the volumetric overlap metric used at evaluation time
and is robust to the severe foreground–background class imbalance characteristic of brain
tumor segmentation, where pathological tissue typically occupies less than 2% of total
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voxels. The cross-entropy term provides dense per-voxel supervision that stabilizes train-
ing in the early epochs when Dice gradients are nearly flat. The smoothing constant
ϵ = 10−5 prevents division by zero on empty foreground regions.

4.4 Integrated Health Management: OptiHealth

4.4.1 Relationship to CXR-Adaptive and SS-UNETR

The preceding two sections introduced CXR-Adaptive (using YOLOv12) and SS-UNETR
as novel, research-grade contributions evaluated under controlled experimental protocols.
OptiHealth was developed as a separate, parallel contribution with a different objective:
to demonstrate that an end-to-end health-management software stack integrating multi-
modal AI with grounded language generation is architecturally feasible as a research
prototype, without claiming deployment as a regulated clinical product.

Non-clinical scope. Descriptions of recommendations, agents, and workflows in this
section denote research-software behaviour for thesis evaluation and supervised piloting;
they are not substitutes for professional diagnosis, treatment decisions, or emergency care.

OptiHealth uses our YOLOv12-based CXR pipeline with inverse-frequency weighted
upsampling and SS-UNETR for brain tumor segmentation to keep the full system
aligned with the core model contributions of this thesis. This keeps the end-to-end inte-
gration consistent with the same diagnostic engines evaluated in the prior chapters.

4.4.2 Multi-Layered System Architecture

OptiHealth is an AI-powered digital platform designed to promote preventive healthcare
and personalized wellness. It collects health data from medical records and user self-
assessments to build a complete health profile. The overall architecture, shown in Figure 6,
comprises a Next.js frontend, a Django REST API gateway, dockerized AI services, and
a polyglot storage layer.
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Figure 6: Multi-layered OptiHealth system architecture.

The high-level design integrates all primary healthcare stakeholders—patients, physi-
cians, hospitals, diagnostic centers, pharmacies, and system administrators—within a
single cohesive ecosystem. Figure 7 shows the context-level data flow diagram.
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Figure 7: Context-level stakeholder interaction diagram.
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4.4.3 Technology Stack: Reuse of the Shared Substrate

OptiHealth is built on the unified technology stack introduced in Section 4.1 and cat-
alogued in Table 4.1; no row of that table is specific to this section, and no compo-
nent outside it is introduced by the platform. Concretely, the integrated system inher-
its the same PyTorch-based training pipeline used to produce the CXR-Adaptive and
SS-UNETR checkpoints evaluated in the preceding sections, the same PostgreSQL and
ChromaDB storage layer that indexes relational EHR data alongside vector-embedded
guideline corpora, and the same Docker and Kubernetes orchestration envelope that
hosts every AI service inside the on-premise deployment boundary. The remainder of
this section therefore focuses not on enumerating technologies—which Table 4.1 already
does authoritatively—but on describing how those components are composed into an in-
tegrated health-management prototype that reuses the individual contributions of the
thesis without modification.

4.4.4 Microservices Architecture

The system uses a microservices architecture for modularity and independent scalability.

Frontend and Backend

The frontend is built with Next.js 14 and React 18, providing server-side rendering and
role-based interfaces for patients, providers, and administrators. The backend uses a
Django REST Framework API gateway with JWT authentication and role-based access
control (RBAC). State management uses Redux Toolkit.

Database Services

The system uses a polyglot persistence approach:

• PostgreSQL: primary relational database for user profiles, appointment records,
and medical histories

• ChromaDB: vector database for the medical knowledge base, storing 384-dimensional
embeddings for semantic search

• Redis: cache layer for session management and API response caching

AI Services (Dockerized)

AI models are containerized using Docker for consistency across environments. The
computer-vision service houses YOLOv12 (with inverse-frequency weighted upsampling)
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and SS-UNETR with NVIDIA GPU support; the NLP service hosts a Llama 4 17B check-
point quantised to INT8 with ChromaDB integration for retrieval-augmented generation;
and a dedicated Health Agent service hosts the LangChain/LangGraph runtime de-
scribed in Section 4.4.8, together with a locally-served Gemma 4 E4B checkpoint as its
reasoning backbone. A separate mental-health inference worker loads the dual-model
screening pipeline (a RoBERTa sentiment scorer and a BART-MNLI zero-shot classifier)
so that the analyser can be scaled independently of the agent itself.

4.4.5 Computer Vision Engine: X-Ray Detection

For thoracic pathology detection in chest X-rays, the system uses our YOLOv12 model
with inverse-frequency weighted upsampling, trained on the VinDr-CXR dataset (Fig-
ure 2).

Training used transfer learning from COCO pre-trained weights with an AdamW op-
timizer and cosine annealing LR schedule (initial rate 0.001), 300 epochs with early stop-
ping based on validation mAP. Data augmentation included horizontal flipping, rotation
(±15◦), and brightness adjustments (±20%). For inference, TensorRT optimization with
FP16 computation achieves under 200ms per image. Post-processing uses NMS with IoU
threshold 0.45 and confidence threshold 0.25.

4.4.6 Computer Vision Engine: Brain Tumor Segmentation

For volumetric brain tumor segmentation in multimodal MRI, the system employs SS-
UNETR, the architecture introduced in Section 4.3 and illustrated in Figure 5. The
model is deployed without modification from its research configuration, ensuring that
the integrated platform reflects the same diagnostic engine that was evaluated under
controlled experimental protocols in the preceding chapters.

Training was conducted on the BraTS 2023 Adult Glioma dataset using the MONAI
transformation pipeline detailed in Section 5.1.3. The preprocessing sequence loads the
four NIfTI modalities and segmentation mask, converts the image tensor to channel-first
format, maps the BraTS integer labels into three binary evaluation channels (TC, WT,
and ET), reorients image and label volumes to RAS, resamples both to 1.0×1.0×1.0mm
spacing, and applies non-zero channel-wise intensity normalisation. During training, a
fixed-size random spatial crop of 128 × 128 × 128 is sampled, independent random flips
are applied along all three spatial axes with probability 0.5, and intensity scale and
shift perturbations of 0.1 are applied with probability 1.0. Optimisation uses AdamW
with learning rate 10−4, weight decay 10−5, a cosine-annealing learning-rate schedule over
50 epochs, mixed-precision training, gradient checkpointing, and checkpoint selection by
validation mean DSC. The training objective is the compound DiceCE loss defined in
Section 4.3.5, which combines a region-overlap Dice term with a voxel-level cross-entropy
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term to address the severe foreground–background class imbalance inherent to tumor seg-
mentation. Validation uses single-checkpoint sliding-window inference with a 1283 ROI,
sliding-window batch size one, 50% overlap, sigmoid activation, and a 0.5 threshold; no
test-time augmentation or ensemble validation is used for the thesis results.

4.4.7 Personalized Diet Generation: LLM + RAG Pipeline

A core innovation of OptiHealth is the personalized nutrition module, which implements
a Retrieval-Augmented Generation (RAG) pipeline to ground all recommendations in
verified medical knowledge (Figure 8).

Figure 8: Retrieval-Augmented Generation pipeline for personalised diet recommendation.

To reduce hallucination risk, the RAG knowledge base is built from recognized health
manuals and guidelines, including WHO, CAC, and FAO documents, then stored in Chro-
maDB for retrieval. The generative core is a Llama 4 17B model quantised to INT8 for
efficient single-GPU inference. The knowledge base is indexed as 384-dimensional embed-
dings using Sentence Transformers “all-MiniLM-L6-v2” in ChromaDB. When a dietary
plan is returned to the user, the system also shows the evidence source, including the
manual name and page number used for that recommendation. The generation process
follows five steps:

1. Query Decomposition: Extract key entities (health conditions, dietary restric-
tions, goals)

2. Context Retrieval: Top-5 similarity search against ChromaDB using cosine sim-
ilarity across WHO, CAC, and FAO manual chunks

3. Prompt Engineering: Prepend retrieved evidence to the user query
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4. Constrained Generation: Llama 4 17B generates recommendations grounded in
the retrieved context to minimize hallucinated advice

5. Post-processing: Programmatic checks for nutritional consistency, caloric balance,
and allergen conflicts

4.4.8 Conversational Health Agent: LangGraph Orchestration

Retrieval-Augmented Generation answers a single dietary question at a time and has no
memory of who is asking. For OptiHealth to act as a longitudinal assistant, the platform
also exposes a tool-augmented Conversational Health Agent that can access a specific
patient’s electronic record, look up medicines in the local market, search for doctors
by specialization and geography, book appointments, and screen for mental health risk
through natural-language conversation. The agent is implemented with LangChain [14]
(tool binding and LLM abstraction) and LangGraph [43] (state-graph orchestration), and
follows the ReAct paradigm [84] of interleaving reasoning with tool invocations.

Architectural Motivation

A straight prompt-and-response chatbot cannot safely operate on personal health infor-
mation: it must decide when a question requires real data, which tool to call, how to
combine results across turns, and how to refuse safely when data is missing or when a
request falls outside its scope. Modelling this as a directed state graph rather than a
hidden prompt loop is a deliberate design choice: every tool call becomes an inspectable
transition, which is a prerequisite for audit logging and clinical governance.

Figure 9 shows the high-level architecture of the Conversational Health Agent.
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State Graph and ReAct Execution Loop

The agent is formulated as a finite StateGraph over a typed AgentState that carries the
running message list, the authenticated patient’s user_id, the patient’s geolocation, and
a per-session encryption PIN used to decrypt protected health fields. Formally, let the
state at turn t be

st = (Mt, u, ℓ, π),

where Mt is the ordered message history, u is the user identifier, ℓ the optional lati-
tude/longitude, and π the PHI decryption PIN. The graph contains two nodes: an agent
node (LLM reasoning) and a tool node (tool execution). A conditional edge inspects
the agent’s most recent message and routes the state either back to the tool node (if the
LLM emitted one or more structured tool_calls) or to the terminal END state (if the
LLM produced a natural-language answer). The tool node always returns to the agent
node, producing the canonical ReAct reasoning–action–observation cycle:

st → AGENT︸ ︷︷ ︸
reason

→ TOOLS(at) → st+1︸ ︷︷ ︸
act and observe

→ . . . → END,

where at is the set of tool calls emitted by the LLM at turn t. In practice the loop
terminates within 1–3 iterations for most patient queries.

The state graph execution flow is illustrated in Figure 10.

START
Agent Node

reason (Gemma 4 E4B)
tool_calls
emitted?

Tool Node
execute & observe

END

yes (continue)

no (end)

observations → messages

Figure 10: LangGraph state machine implementing the Health Agent reasoning–tool-use
loop.

Tool Suite

Ten tools are registered with the LangChain tool registry and exposed to the LLM as
structured function schemas. Each tool wraps a pure Python function that runs inside
the Django process, giving it first-class access to the relational models while still being
callable from the LLM through the tool-calling interface. Table 4.3 enumerates the full
tool surface.

Two of these tools deserve particular comment. The search_medicine_medex tool
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Table 4.3: Tools exposed to the Conversational Health Agent. All EHR-bound tools
respect the same JWT authentication and RBAC policy as the REST API.

Tool Backing Source Purpose
get_patient_health_records PostgreSQL (EHR) Recent vitals, trends, allergies
get_patient_appointments PostgreSQL Upcoming/past appointments
get_patient_prescriptions PostgreSQL Active medications
get_diagnosis_reports PostgreSQL Diagnostic reports, lab findings
calculate_health_metrics Derived BMI, BP trend, risk indicators
search_nearby_doctors PostgreSQL + Haversine Geo-filtered specialist search
create_appointment PostgreSQL (write) Book a slot with a doctor
search_medicine_medex MedEx BD (live scrape) Brand/generic medicine lookup
get_medicine_details_medex MedEx BD (live scrape) Composition, dosage, interactions
analyze_mental_health_state Dual-model NLP Well-being score + symptom flags

issues a live request to the MedEx Bangladesh catalogue (medex.com.bd) and parses
the returned HTML with BeautifulSoup, returning brand names, generics, prices, manu-
facturers, and dosage forms in near real time; this gives the agent access to price-aware
medicine information that static training data cannot provide. The create_appointment
tool is the only mutating tool in the suite and is therefore subject to additional valida-
tion (doctor availability, slot collision, and a pre-commit confirmation turn in the agent
prompt) before the write is executed.

LLM Backbone: Locally-Hosted Gemma 4 E4B

The reasoning node is served by a Gemma 4 E4B checkpoint [22] loaded locally inside
the Health Agent service, and bound to the tool suite through the standard LangChain
chat-model interface. Gemma 4 E4B was selected over larger-but-API-only alternatives
for four reasons that are directly relevant to a clinical deployment:

1. On-premise execution. Patient data never leaves the OptiHealth cluster. Be-
cause Gemma 4 is an open-weights model, the entire inference pipeline runs inside
the same Kubernetes namespace as the Django backend and the PostgreSQL EHR,
removing the third-party data-sharing boundary that would otherwise accompany
a hosted LLM API.

2. Hybrid attention for long clinical context. Gemma 4’s architecture interleaves
local sliding-window attention with full-global attention (ensuring the final layer is
always global), and applies unified Keys/Values with Proportional RoPE (p-RoPE)
on the global layers. The E4B variant supports a 128K-token context window,
which is more than sufficient to hold a full patient chart—recent health records,
active prescriptions, past appointments, and diagnostic reports—within a single
reasoning turn.
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3. Parameter efficiency through PLE. The “E” in E4B denotes effective parame-
ters: Gemma 4 E4B uses Per-Layer Embeddings (PLE) to give each decoder layer
its own small embedding table, so only ∼4.5B parameters participate in the forward
pass at inference time even though the total weight count is closer to 8B. This makes
real-time tool-calling feasible on a single GPU.

4. Agentic tuning. Gemma 4 is explicitly documented as being tuned for reasoning
and agentic workflows, and its chat template surfaces structured tool calls that slot
directly into the LangChain tool-binding interface used by the graph.

The patient’s user_id is interpolated into the system prompt at turn time so that the
model always invokes EHR-bound tools with the correct identity, structurally preventing
cross-patient leakage even under adversarial prompting.

Mental Health Screening via a Dual-Model Analyzer

The analyze_mental_health_state tool is not a simple LLM call; it routes the patient’s
free-text narrative through a dedicated, deterministic NLP pipeline with two specialised
encoders operating in parallel:

• Model A — Scorer: siebert/sentiment-roberta-large-english [29] pro-
duces a calibrated well-being score on a 1–100 scale by projecting the binary POSITIVE/NEGATIVE
probabilities onto a continuous affective valence axis.

• Model B — Detective: facebook/bart-large-mnli [44, 85] performs zero-shot
multi-label classification against eight clinical symptom clusters—depression, anxi-
ety, sleep disorders, social withdrawal, cognitive issues, physical symptoms, suicidal
ideation, and mood swings—each expanded into six natural-language hypothesis
templates so that the model’s confidence is aggregated across paraphrases.

The output is an interpretable record containing a numeric well-being score, a ranked
list of flagged symptom clusters with their NLI confidences, and a severity classification.
Suicidal-ideation detections immediately override the aggregate severity and trigger an
in-response crisis-resource block. The dual-model design intentionally separates valence
(“how is the patient feeling overall?”) from symptomatology (“which specific clinical cate-
gories are present?”), producing a signal that is both quantitative and clinically structured.

Figure 11 shows the dual-model analyzer pipeline.
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Patient narrative (free-text journal entry)

Model A — Scorer
siebert/sentiment-

roberta-large-english

Model B — Detective
facebook/bart-large-mnli

zero-shot NLI

Well-being score
∈ [1, 100] (valence)

Symptom clusters × 8
depression, anxiety, sleep, social,

cognitive, physical, suicidal, mood

Aggregated clinical report
severity tier + ranked symptom flags + suicidal-ideation override

Figure 11: Dual-model mental-health analysis pipeline used by the Conversational Health
Agent.

Privacy, Authentication, and Auditability

Because the agent reaches directly into the patient’s record, its trust boundary must be
at least as strict as the REST API. Three mechanisms enforce this:

1. Identity pinning. The authenticated user_id is injected into the system prompt
and is also passed as a required argument to every EHR-bound tool; the LLM is
structurally prevented from operating on a different patient even if prompted to do
so.

2. PHI decryption via thread-local PIN. Sensitive fields such as allergies and
medical history are stored encrypted at rest. At session start the patient unlocks
a per-session PIN, which is placed in Python threading.local so that tool func-
tions can decrypt records on demand without the PIN ever appearing in the LLM’s
context window or log trail.

3. Structured conversation log. Every user message, tool call, tool result, and final
response is persisted through the AgentConversation and AgentMessage Django
models, giving the platform a replayable audit log that meets the auditability ex-
pectation set by the microservices architecture.

Together, the LangGraph state machine, the ten-tool surface, the locally-hosted Gemma 4 E4B
backbone, and the dual-model mental health analyzer constitute a single, cohesive con-
versational layer on top of the OptiHealth platform. The agent does not replace the vision
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models or the RAG recommender; it composes them into a patient-centric dialogue that
turns the diagnostic pipeline of the preceding chapters into something a patient can ac-
tually talk to, and does so without sending any patient record to a third-party inference
endpoint.

4.4.9 Deployment Strategy

The deployment strategy composes the microservices introduced earlier in this section into
a layered, containerised topology. At the platform edge, an NGINX ingress terminates
public HTTPS traffic and routes requests into the application tier. The frontend tier serves
the React/Next.js user interface, while the Django REST API forms the application-
control plane: it authenticates users, enforces business rules, dispatches diagnostic and
recommendation requests to AI services, and persists clinical state through the data tier.
Figure 12 summarises this runtime topology.

Figure 12: Deployment architecture of the OptiHealth platform.

Edge tier: client, ingress, and load balancing

The entry point of the platform is a browser-based client used by patients, clinicians, and
administrators. Every external interaction begins as an HTTPS request to the NGINX
ingress, which is the only publicly reachable component in the topology. The ingress then
routes static-interface requests to the frontend service and API requests to the Django
application service. This separation keeps the externally exposed surface small: the data
stores, AI services, and agent tools remain reachable only from inside the deployment
boundary.
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Application tier: Next.js frontend and Django backend

The frontend tier hosts the user-facing React/Next.js interface, while the Django REST
API service centralises authentication, authorisation, business logic, and orchestration.
The backend does not perform neural-network inference directly. Instead, it validates
the request context, resolves the authenticated user’s permissions, and dispatches work
to the appropriate downstream service: diagnostic image analysis to the vision contain-
ers, recommendation generation to the RAG service, agent interactions to the Lang-
Graph/Gemma service, and record operations to the data tier. This division keeps the
application tier stateless with respect to large diagnostic artefacts and allows the API
service to scale independently from GPU-bound inference workers.

AI processing tier

The Dockerised AI microservice tier contains the computational components of the plat-
form: the CXR-Adaptive YOLOv12 service for chest X-ray detection, the SS-UNETR
service for volumetric tumor segmentation, the Llama 4 17B INT8 recommendation ser-
vice, the Gemma 4 E4B conversational-agent service, and the mental-health analysis
worker. These services are separated from the Django API because their runtime profile
is different: they are GPU-dependent, latency-sensitive, and easier to scale as independent
workers than as part of the web application. The only external service shown in Figure 12
is the medicine-information lookup used by the agent; it is treated as a non-PHI reference
source and is not part of the patient-record inference boundary.

Data tier: relational, vector, cache, and object stores

The data tier is deliberately polyglot. PostgreSQL stores relational clinical entities such as
users, appointments, prescriptions, and generated reports. ChromaDB stores vectorised
guideline chunks for retrieval-augmented generation, enabling the Llama service to retrieve
WHO, CAC, and FAO evidence before producing a recommendation. Redis handles cache
and session state, including short-lived artefacts used during request processing. Object
storage is used for larger binary outputs such as uploaded medical images, generated
masks, and diagnostic reports. This separation prevents a single database from serving
incompatible access patterns and makes explicit which storage system is responsible for
each class of data.

End-to-end request walkthrough

To make the topology concrete, consider a patient uploading a chest X-ray and later
receiving a personalised recommendation. The browser sends the upload through the
ingress to the Django API. The backend authenticates the request, stores the uploaded
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artefact in object storage, records the transaction in PostgreSQL, and dispatches an in-
ference request to the CXR-Adaptive service. The resulting diagnostic report is written
back through the data tier and becomes part of the patient’s clinical context. If a rec-
ommendation is subsequently requested, the backend forwards the relevant context to
the Llama 4 RAG service, which retrieves supporting guideline passages from ChromaDB
before generation. The response is returned through the backend and frontend to the
user. Patient-specific data remains within the platform boundary throughout this flow;
the external medicine lookup is used only for public drug-reference information and does
not receive the patient’s record.

CI/CD and blue-green promotion

Although Figure 12 focuses on the runtime topology, the same services are deployed
through a container-based release pipeline. Application and AI-service images are built,
versioned, and promoted through Kubernetes manifests, with blue-green rollout used
where zero-downtime replacement is required. The key architectural implication is that
long-lived state remains outside the replaceable application containers: PostgreSQL,
ChromaDB, Redis, and object storage persist independently of frontend, backend, and
AI-service releases.
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5 Experimental Design

5.1 Experimental Settings
This chapter details the training configurations, hardware environments, and evalua-
tion protocols that underpin the empirical claims of the thesis. Each subsystem—CXR-
Adaptive, SS-UNETR, and the OptiHealth platform—is described in sufficient detail to
support independent replication under equivalent resource constraints.

5.1.1 CXR-Adaptive Training Protocol

CXR-Adaptive adopts a two-stage training strategy that decouples robust global feature
learning from anatomically faithful boundary refinement. All experiments were conducted
on a single NVIDIA A100 (40 GB) GPU using the YOLOv12n (nano) backbone initialised
from COCO pre-trained weights.

Stage I: Global Feature Learning

In the first stage, the model is optimised with Stochastic Gradient Descent at an initial
learning rate of lr0 = 0.01. Aggressive geometric augmentation—in particular Mosaic
augmentation with probability 1.0—is enabled throughout the stage to expose the de-
tector to a broad distribution of spatial contexts and to encourage translation-invariant
representations of thoracic pathologies.

Stage II: Anatomical Fine-Tuning

The second stage introduces two targeted modifications that prioritise anatomical realism
over geometric diversity:

• Mosaic disabled (close_mosaic=50): Mosaic augmentation is suspended for the
final 50 epochs, exposing the model to undistorted full-frame chest radiographs so
that bounding-box regression is refined under the true anatomical distribution.

• Learning-rate decay: lr0 is decreased by one order of magnitude to lr0 = 0.001,
allowing the optimiser to converge to sharper minima that improve boundary local-
isation.
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To ensure methodological parity with the YOLOv11-MFF baseline [24], we enforce
four strict controls: (i) identical data partitioning via the fixed random seed 1234 applied
to the internal 80/15/5 stratification of the 15,000-image VinDr-CXR training split (not
evaluation on the official 3,000-image challenge test partition); (ii) identical class defi-
nitions across all 14 pathology categories; (iii) the same 750-image held-out evaluation
subset from that internal split; and (iv) the same primary metric (mAP@0.5). These
constraints isolate methodological contribution from confounds introduced by data dis-
tribution or metric choice.

5.1.2 SS-UNETR Training Configuration

SS-UNETR experiments were implemented in PyTorch Lightning using MONAI trans-
forms and network utilities. The training script fixes the random seed at 42 for determinis-
tic data partitioning, constructs a subject-level file list from the BraTS 2023 Adult Glioma
training directory, and splits the labelled cases into an 80/20 internal training–validation
partition using the same seed. The four input modalities are loaded in the order T1ce,
T1, FLAIR, and T2; segmentation masks are converted into the three BraTS evaluation
regions used by the loss and metric pipeline: Tumor Core (TC), Whole Tumor (WT),
and Enhancing Tumor (ET). Table 5.1 summarises the optimisation and runtime config-
uration used for the SS-UNETR experiments, and Table 5.2 reports the corresponding
preprocessing and augmentation pipeline.

Table 5.1: SS-UNETR training and optimisation configuration used in the BraTS 2023
experiments.

Parameter Value

Input ROI 128× 128× 128

Batch size 3

Optimizer AdamW

Learning Rate 1× 10−4

Weight Decay 1× 10−5

LR Schedule Cosine Annealing (Tmax = 50)

Maximum Epochs 50

Loss Function DiceCE (Dice + cross-entropy)

Base Feature Size F 48

Swin patch / window size 23 patch embedding; 73 attention window

Memory strategy Gradient checkpointing; 16-bit mixed preci-
sion
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The configuration in Table 5.1 follows the implementation used to train the SS-
UNETR checkpoint. The 1283 region of interest is the basic computational unit for
both training and validation; it preserves sufficient volumetric context for the MSAB
while remaining compatible with a three-sample training mini-batch under 16-bit mixed
precision and gradient checkpointing. AdamW is used because the model contains both
convolutional and attention-based components, for which decoupled weight decay pro-
vides stable regularisation. The learning rate is initialised at 10−4 and scheduled with
cosine annealing over the 50-epoch training horizon. Validation is performed after every
epoch, the checkpoint is selected by validation mean DSC, and early stopping is applied
with a patience of ten epochs. Implementation-level DataLoader settings, such as worker
count, pinned memory, and persistent workers, follow the training script but are omitted
from Table 5.1 because they affect throughput rather than the scientific training protocol.

5.1.3 Data Augmentation and Inference Protocol

The preprocessing pipeline is implemented with MONAI dictionary transforms and is
identical between training and validation up to the stochastic augmentation stage. Its
role is to standardise orientation, voxel spacing, label semantics, and intensity scale before
the network receives a patch or full volume.
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Table 5.2: SS-UNETR preprocessing and augmentation pipeline used for BraTS 2023.

Stage Configuration

Input loading LoadImaged loads four NIfTI modalities and the seg-
mentation mask; EnsureChannelFirstd converts the
image tensor to channel-first format.

Label conversion BraTS integer labels are converted to three binary chan-
nels: TC = (1 ∪ 3), WT = (1 ∪ 2 ∪ 3), and ET = 3.

Orientation Image and label are reoriented to RAS using
Orientationd.

Voxel spacing Image and label are resampled to 1.0 × 1.0 × 1.0mm
using Spacingd; image interpolation uses bilinear mode
and label interpolation uses nearest-neighbour mode.

Training crop A random fixed-size spatial crop of 128 × 128 × 128

is sampled using RandSpatialCropd with
random_size=False.

Spatial augmentation Independent random flips are applied along all three
spatial axes with probability 0.5 per axis. No random
rotation is used in the training script.

Intensity normalisation NormalizeIntensityd applies non-zero, channel-wise
intensity normalisation to the MRI modalities.

Intensity augmentation RandScaleIntensityd uses a scale factor of 0.1 with
probability 1.0, and RandShiftIntensityd uses an off-
set of 0.1 with probability 1.0.

Validation preprocessing Validation uses the same loading, label conversion, RAS
orientation, isotropic spacing, and non-zero channel-
wise normalisation steps, but omits stochastic cropping,
flipping, and intensity augmentation.

During validation, full-volume predictions are assembled with MONAI sliding-window
inference using the same 128 × 128 × 128 ROI as training, a sliding-window batch size
of one, and 50% overlap between neighbouring windows. The model output is passed
through sigmoid activation and thresholded at 0.5 to obtain binary TC, WT, and ET
masks. No test-time augmentation or ensemble validation is reported in the thesis; the
evaluation is intentionally restricted to the single trained SS-UNETR checkpoint so that
the reported gains remain attributable to the architecture and training protocol rather
than to post-training inference optimisation.
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5.1.4 OptiHealth Deployment Configuration

OptiHealth does not introduce an additional vision-training regime. Its computer-vision
engine deploys the same CXR-Adaptive (YOLOv12n) and SS-UNETR checkpoints pro-
duced by the protocols in Sections 5.1.1 and 5.1.2. This design choice preserves numerical
consistency between the platform-level deployment and the controlled benchmark results
reported in the preceding chapters, while avoiding a second, platform-specific evaluation
protocol for the same diagnostic models.

The language and agentic components of OptiHealth are configured as follows:

• Retrieval-Augmented Generation pipeline. The recommendation module is
served by a Llama 4 17B model quantised to INT8 and deployed inside a Dockerised
NLP microservice on an NVIDIA A100 (40 GB) GPU. The retrieval layer stores 384-
dimensional embeddings, generated with the Sentence Transformers all-MiniLM-L6-v2
encoder, in a ChromaDB vector index. At inference time, top-5 cosine-similarity
retrieval is performed over chunked WHO, CAC, and FAO reference documents,
and the retrieved passages are prepended to the generation prompt so that dietary
recommendations are conditioned on an explicit evidence base rather than on para-
metric model memory alone.

• Conversational Health Agent. The Conversational Health Agent described
in Chapter 4 is deployed as a dedicated microservice that loads a locally hosted
Gemma 4 E4B checkpoint [22] as its reasoning backbone. This deployment keeps
patient-record inference within the OptiHealth cluster. The LangChain/LangGraph
runtime binds the ten tools enumerated in Table 4.2 to the language model and
records every user message, tool invocation, tool response, and final answer through
the AgentConversation and AgentMessage Django models, providing an auditable
trace of agent behaviour.

• Mental health analyzer. The mental-health screening component is implemented
as a dual-model inference service composed of siebert/sentiment-roberta-large-english
for well-being-oriented sentiment estimation and facebook/bart-large-mnli for
zero-shot symptom-category detection. The models are loaded once into a dedi-
cated inference worker and exposed to the Conversational Health Agent through
the analyze_mental_health_state tool. This separation allows the analyzer to
be scaled independently of the LLM backbone and prevents mental-health screening
latency from coupling directly to general dialogue generation.

Since no additional vision training is performed at deployment time, the OptiHealth
evaluation reported in Section 6.3 focuses on system-level integration, latency, and the
qualitative quality of LLM-generated recommendations rather than on re-benchmarking
the computer-vision engines.
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5.2 Evaluation Metrics
We report a compact set of metrics tailored to each task. For thoracic pathology detection,
we use mean Average Precision at IoU threshold 0.5 (mAP@0.5) as the primary metric to
preserve numerical comparability with YOLOv11-MFF, supplemented by class-averaged
Precision, Recall, and F1-score. For brain tumor segmentation, we report per-region
Dice Similarity Coefficient (DSC) over the three clinically defined sub-regions used by the
training pipeline: Tumor Core (TC), Whole Tumor (WT), and Enhancing Tumor (ET).
For the OptiHealth LLM module we report a structured qualitative evaluation by domain
experts, framed explicitly as a pilot observation rather than a powered clinical study.

5.2.1 Mean Average Precision (mAP)

For multi-class thoracic detection, the primary metric is mAP@0.5, defined as the area
under the precision–recall curve at IoU threshold 0.5 averaged across all 14 pathology
categories. We select this threshold to maintain direct comparability with the YOLOv11-
MFF benchmark [24], which adopts the same convention; introducing additional IoU
thresholds would confound the controlled cross-method comparison.

5.2.2 Dice Similarity Coefficient (DSC)

For volumetric segmentation, the Dice coefficient quantifies overlap between the prediction
P and the ground truth G:

DSC =
2 |P ∩G|
|P |+ |G|

. (5.1)

A DSC of 1.0 indicates perfect agreement. We report DSC independently for the three
BraTS sub-regions—Whole Tumor (WT), Tumor Core (TC), and Enhancing Tumor
(ET)—because each has distinct clinical significance in treatment planning.

5.2.3 Precision, Recall, and F1-Score

For completeness we report the canonical classification metrics

Precision =
TP

TP + FP
, (5.2)

Recall = TP

TP + FN
, (5.3)

F1 = 2 · Precision · Recall
Precision + Recall , (5.4)

where TP , FP , and FN denote true positives, false positives, and false negatives respec-
tively. In the screening-oriented setting considered here, Recall is weighted more heavily
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than Precision because the clinical cost of a missed finding (e.g. Pneumothorax or Inter-
stitial Lung Disease) substantially exceeds that of a false alarm subsequently rejected by
a radiologist.
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6 Results and Analysis

6.1 Thoracic Disease Detection Results

6.1.1 Main Quantitative Results

Table 6.1: Comparison with strong and state-of-the-art YOLO-family detectors on VinDr-
CXR under the YOLOv11-MFF-aligned internal evaluation protocol (750-image subset;
Section 5.1.1).

Method Precision Recall F1-Score mAP@0.5

YOLOv8n [28] 0.437 0.424 0.430 0.389
YOLOv11n [24] 0.422 0.387 0.404 0.388
YOLO-CXR [28] – – – 0.338
YOLOv11-MFF [24] 0.482 0.425 0.452 0.415

Ours (Baseline) 0.509 0.397 0.446 0.427
Ours (CXR-TTA) 0.512 0.407 0.454 0.442

Our baseline YOLOv12n model already surpasses the specialised YOLOv11-MFF
baseline (0.427 vs 0.415 mAP@0.5). Adding CXR-TTA further improves performance
to 0.442, a 6.5% relative improvement, without any custom neural network components.
This attains state-of-the-art mAP@0.5 among the YOLO-family detectors summarised
in Table 6.1 under the controlled YOLOv11-MFF comparison protocol on the internal
split described in Chapter 3 and Section 5.1.1, in the same spirit as prior purpose-built
YOLO adaptations for VinDr-CXR (e.g. YOLO-CXR [28]) but using a standard back-
bone with data-centric training and inference only. Superiority on the official VinDr-CXR
challenge test partition or over non-YOLO architectures is not claimed without further
benchmarking.

6.1.2 Precision-Recall Curve Analysis

The PR curves confirm that improvements are concentrated in diffuse, texture-dominant
pathologies. Infiltration and Pulmonary Fibrosis show significant expansion, maintain-
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(a) Baseline (No TTA): mAP@0.5 = 0.427 (b) CXR-TTA: mAP@0.5 = 0.442

Figure 13: PR curve comparison. CXR-TTA (b) shows expanded AUC over the baseline
(a), especially for diffuse classes like Infiltration and ILD.

ing higher precision at increased recall levels. This confirms that multi-scale ensemble
inference effectively resolves ambiguous texture patterns.

6.1.3 Per-Class Performance Analysis

Table 6.2 aggregates per-class AP@0.5 so that the class-level trade-offs implied by inverse-
frequency weighting can be read directly from the numbers before turning to qualitative
examples in the next subsection.

62



Table 6.2: Per-class AP@0.5 comparison across all 14 pathology categories

Class YOLOv11-MFF Ours (CXR-TTA)

Structural / Localized (Shape-Dominant)

Aortic Enlargement 0.924 0.598

Atelectasis 0.454 0.266

Calcification 0.251 0.223

Cardiomegaly 0.932 0.676

Nodule/Mass 0.339 0.286

Pleural Effusion 0.490 0.467

Pleural Thickening 0.227 0.198

Diffuse / Texture-Dominant (Pattern-Based)

Consolidation 0.315 0.541

ILD 0.201 0.611

Infiltration 0.340 0.505

Lung Opacity 0.297 0.394

Other Lesion 0.097 0.402

Pneumothorax 0.559 0.592

Pulmonary Fibrosis 0.390 0.428

mAP@0.5 (All Classes) 0.415 0.442

YOLOv11-MFF outperforms our method on large geometrically distinct structural
classes such as Aortic Enlargement and Cardiomegaly. However, CXR-Adaptive achieves
substantial gains in complex diffuse pathologies: ILD (+204%), Infiltration (+48%), Con-
solidation (+71%), and Other Lesion (+314%). This redistribution is a deliberate conse-
quence of inverse-frequency weighting. Failing to identify Pneumothorax or ILD carries
far greater clinical consequence than slight mislocalization of an enlarged aorta.
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6.1.4 Qualitative Analysis

Aggregate metrics in Table 6.2 do not convey whether predicted boxes align visually with
radiologist annotations on representative cases. Figure 14 therefore shows a panel of
VinDr-CXR examples on which CXR-Adaptive produces tight bounding boxes for large,
shape-dominant findings such as aortic enlargement and cardiomegaly, with predictions
drawn in the same colour convention as the dataset release.

Ground Truth YOLOv12n Prediction Original Image
Qualitative Detection Results Comparison

Figure 14: Qualitative detection results. Predictions for structural pathologies (Aortic
Enlargement, Cardiomegaly) align closely with ground truth bounding boxes.

The qualitative panel above is intentionally biased toward structural pathologies be-
cause their extent is easy to verify by eye. Diffuse and co-morbid presentations are harder
to judge from boxes alone; for those settings it is useful to ask whether high-level atten-
tion concentrates on anatomically plausible lung regions rather than on collimator edges
or processing artefacts. Figure 15 therefore visualises class activation maps on a single
test image in which pulmonary fibrosis and nodular opacity co-occur: the highlighted
regions should coincide with upper-zone parenchymal abnormality if the Area Attention
backbone is exploiting long-range context as intended.
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Figure 15: Class Activation Map (CAM) visualization. YOLOv12’s Area Attention mech-
anism effectively localizes co-morbid Pulmonary Fibrosis and Nodules in the upper-right
lung, confirming that global modeling captures distributed pathology patterns.

Taken together, Figures 14 and 15 support the same narrative as the quantitative
tables: the detector remains accurate on large structural findings while the backbone
supplies spatially coherent evidence for texture-dominant disease. The remainder of this
section returns to purely quantitative evidence, first decomposing the overall mAP@0.5
gain into cumulative training and inference stages, and then examining the sensitivity of
performance to inference resolution.

6.1.5 Ablation Study

The CXR-Adaptive ablation in Table 6.3 is deliberately structured as a cumulative, stage-
wise ablation rather than a leave-one-out study. Each row of the table is designed to
isolate a single causal hypothesis, and the rows are ordered in the same sequence in
which the corresponding component was introduced during training, so that the marginal
contribution of each component is measured on top of the already-refined model it was
designed to correct rather than on top of a naive baseline that it would dominate trivially.
This subsection first motivates each row—the problem it is intended to address and the
mechanism through which the corresponding component should act—and then reports
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the empirical outcome of that specific intervention. Table 6.3 lists the three cumulative
configurations and their headline precision, recall, F1, and mAP@0.5.

Table 6.3: Ablation study: incremental contribution of each CXR-Adaptive component

Configuration Precision Recall F1 mAP@0.5

Stage 1: Initial Training 0.485 0.382 0.427 0.398

+ Fine-Tuning (No Mosaic) 0.509 0.397 0.446 0.427

+ CXR-TTA (448px/512px) 0.512 0.407 0.454 0.442

Row 1 – Stage I initial training (mAP = 0.398). The first row reports the end-
of-Stage-I checkpoint, at which the YOLOv12n detector has been trained with Mosaic
augmentation at probability 1.0 on the inverse-frequency-weighted dataset described in
Section 5.1.1. The motivation for using Mosaic at high probability in this first stage is
a data-statistical one: VinDr-CXR exhibits a severely long-tailed class distribution and
a markedly non-uniform spatial distribution of pathologies—for instance, Cardiomegaly
is almost always centred on the lower-mediastinal midline and Infiltration concentrates
in specific pulmonary zones—so a detector that observes each image in isolation is prone
to memorising position-conditional priors rather than to learning a translation-invariant
pathology representation. Mosaic disrupts these priors by tiling four randomly selected
images into a single composite, presenting each pathology under a broader distribution of
image contexts and spatial offsets. The mAP value of 0.398 obtained at the end of Stage I
is therefore interpreted not as a final result but as a regularised starting point: the learned
feature representation is robust, but bounding-box regression has been calibrated against
tiled composites rather than against the true anatomical distribution that the model must
ultimately operate on.

Row 2 – Stage II anatomical fine-tuning (mAP = 0.427, ∆ = +0.029). The
second row tests the hypothesis underlying the staged training schedule: that the residual
gap between robust feature learning and anatomically faithful regression can be closed
by suppressing Mosaic for the final 50 epochs (close_mosaic=50) and simultaneously
decaying the learning rate by an order of magnitude. The two interventions act on the
same deficiency through complementary mechanisms. Disabling Mosaic restores the true
anatomical distribution at the pixel level and allows the regression head to calibrate its
offset and aspect-ratio predictions against undistorted thoracic geometry; decaying the
learning rate from 10−2 to 10−3 converts the optimisation regime from a coarse exploration
of the loss surface into a fine refinement, which is appropriate because the gradient signal
in Stage II consists predominantly of small, systematic boundary-shift corrections rather
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than large feature-discovery steps. The observed +0.029 mAP improvement is the largest
single gain in the ablation, and is accompanied by a +0.024 improvement in precision
and a +0.015 improvement in recall. The joint movement of both metrics is consistent
with the gain being driven by boundary-quality refinement rather than by a shift in the
confidence threshold.

Row 3 – CXR-TTA at 448 px and 512 px (mAP = 0.442, ∆ = +0.015). The third
row tests a separate hypothesis: that within-sample, within-model inference-time ensem-
bling can exploit the scale-dependent characterisation of thoracic pathology, in which
high-frequency structural findings such as nodules and calcifications and low-frequency
diffuse patterns such as Interstitial Lung Disease and Consolidation are resolved differen-
tially at different input resolutions. The expected mechanism is therefore not a generic
test-time-augmentation smoothing effect, but a specific resolution-ensemble gain in which
the 448-px branch contributes stronger evidence for texture-dominant pathologies and the
512-px branch contributes stronger evidence for shape-dominant pathologies. CXR-TTA
is restricted to two anatomically valid transforms—multi-scale inference and horizontal
flip—because, in contrast to natural images, a chest radiograph has a biologically pre-
scribed left–right orientation; vertical flips or 90◦ rotations would place the heart apex
superiorly, an anatomically impossible configuration that would force the detector to av-
erage predictions across images that a radiologist would never encounter. The observed
+0.015 mAP improvement is therefore interpreted as evidence for the scale-ensemble
hypothesis rather than for test-time augmentation in general. The per-class analysis
in Table 6.2 supports this interpretation by showing that the gain concentrates in the
texture-dominant classes (ILD, Infiltration, Consolidation) at which the two scales are
predicted to disagree most.

Cumulative versus leave-one-out ordering. The rows of Table 6.3 are reported as
a cumulative ablation rather than as a leave-one-out study around the final checkpoint
because Stage II fine-tuning and CXR-TTA are not independent interventions. CXR-
TTA assumes a detector whose boundary regression has already been calibrated against
real anatomy: resolution-ensembling an under-calibrated detector would average noisy
bounding boxes at two scales without exploiting a genuine scale-conditional signal. The
cumulative ordering therefore reflects the causal dependency between the components
and avoids the misleading attribution of contribution that a leave-one-out study would
produce. The final precision–recall pair (0.512, 0.407) lies above both intermediate rows
on both axes, which is consistent with the interpretation that the two interventions act
constructively rather than trading precision for recall at the operating point.
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6.1.6 Inference Scale Analysis

The scale sweep reported in Table 6.4 is conducted as a standalone study because the
choice of inference resolution is neither captured in the end-to-end ablation of Section 4.5.1
nor determined by the training configuration: a YOLOv12n model trained at 640×640 can
be evaluated at any input resolution at test time, and the selection among those resolutions
is therefore an isolable design decision that requires an explicit empirical justification.
The sweep is designed to answer a specific question: for a fixed trained detector, does
the inference resolution that maximises mAP on VinDr-CXR coincide with the training
resolution, or does it deviate in a direction that admits an anatomical or signal-processing
interpretation? Table 6.4 summarises mAP@0.5 and wall-clock inference time for three
operating points on the same checkpoint.

Table 6.4: Inference scale analysis. Downscaling to 448px outperforms 640px upscaling
for diffuse pathologies.

Inference Scale mAP@0.5 Inference Time (ms)

640px (Upscaled) 0.431 9.2

512px (Native) 0.439 7.1

448px (Downscaled) 0.441 6.4

The observed ranking is non-monotonic: 448 px outperforms both 512 px and 640 px
even though the network was trained at 640 px. This finding was reproduced across mul-
tiple random seeds and across both the pre-TTA and post-TTA checkpoints. A post-hoc
mechanistic account is offered in two parts. First, a plain chest radiograph is dominated
by high-frequency osseous texture, including rib cortices, clavicular shadows, and scapular
edges, that is largely irrelevant to the 14 target pathologies but that contributes a substan-
tial fraction of the gradient signal observed at the detector’s early convolutional stages;
slight downscaling acts as a low-pass filter that suppresses this high-frequency compo-
nent while leaving the low-frequency pathology envelopes such as consolidation opacities,
diffuse fibrosis patterns, and pleural effusion menisci substantially intact. Second, the
YOLOv12n detection head operates on feature maps produced by strided convolutions
whose effective anchor stride is fixed at training time; when the input is upscaled relative
to the training resolution, the spatial footprint of a diffuse pathology grows faster than
the effective anchor footprint, which fragments a single diffuse lesion into multiple par-
tially overlapping proposals that suppress one another at non-maximum suppression. The
observation that 448 px outperforms 512 px is consistent with the first mechanism being
dominant, and the observation that 640 px is the weakest configuration despite matching
the training resolution exactly is consistent with the second mechanism being active under
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upscaling.
This sweep is reported as a separate subsection because it functions both as an em-

pirical finding and as a deployment-relevant observation: the 448 px row also delivers the
lowest inference time of 6.4ms, so the accuracy-optimal and latency-optimal operating
points coincide, which is the basis for adopting 448 px as the primary scale of the CXR-
TTA ensemble in Section 4.5.1. No formal proof of the scale–accuracy relationship is
claimed, and the finding is specific to VinDr-CXR at the spatial resolutions characteristic
of clinical DICOM exports; the sweep should be repeated before deploying the pipeline on
a radiographic distribution with materially different acquisition resolution or bone-texture
statistics.

6.1.7 Failure Case Analysis

Despite overall gains, CXR-Adaptive has known systematic failure modes:

• Structural class trade-off: Aortic Enlargement (AP 0.598 vs 0.924) and Car-
diomegaly (AP 0.676 vs 0.932) decline relative to YOLOv11-MFF. Inverse-frequency
weighting intentionally re-allocates capacity toward rare classes; the resulting re-
duction in structural class performance is a deliberate, clinically justified trade-off,
not an oversight.

• Small nodules remain difficult: Nodule/Mass AP remains 0.286. Small, sparse
findings are insufficient even after 5× upsampling to provide the density of gradient
signal needed to learn precise localization.

• Annotation noise: Weak inter-radiologist agreement on borderline findings (e.g.,
early Pleural Thickening) produces inconsistent supervision that no training strat-
egy can fully overcome.

6.1.8 Discussion

A standard YOLOv12n paired with task-aware training surpasses the specialized YOLOv11-
MFF by 6.5% mAP@0.5, showing that disciplined methodology can outweigh architec-
tural customization. YOLOv12’s native Area Attention captures global dependencies
inherently, achieving +204% on ILD and +48% on Infiltration—the exact pathologies
that require global context rather than local edge detection. The anatomy-aware CXR-
TTA confirms that domain knowledge matters: invalid geometric transforms actively hurt
performance.

These results also highlight an explicit trade-off in model behavior. By prioritizing
rare but clinically important findings through inverse-frequency weighting, performance
improves on difficult diffuse classes while some structural classes decline. This trade-off is
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acceptable in a screening context where missing low-prevalence but high-risk abnormal-
ities can carry greater clinical cost than small reductions on easier classes. At the same
time, the persistent Nodule/Mass weakness indicates that class rebalancing alone is not
sufficient for very small targets and that higher-resolution feature supervision or stronger
small-object priors are still needed.

From a deployment perspective, the gains are obtained without custom detector mod-
ules, which improves reproducibility and reduces engineering complexity. The approach
is therefore practical for real-world adaptation: hospitals can keep a standard YOLO
backbone and focus effort on data policy, class balancing, and medically valid test-time
augmentation. Future work should evaluate calibration quality, subgroup robustness
across acquisition devices, and prospective reader-assistance impact to confirm that mAP
improvements translate to safer clinical decision support.

6.2 Brain Tumor Segmentation Results

6.2.1 Comparison with State-of-the-Art Methods

Table 6.5: Performance comparison on the BraTS 2023 validation set. All values are Dice
Similarity Coefficients reported per sub-region.

Method WT TC ET Mean DSC

nnU-Net [35] 0.8954 0.8421 0.8203 0.8526
UNETR [33] 0.8876 0.8298 0.8054 0.8409
SegResNet [52] 0.8823 0.8165 0.7934 0.8307
Swin UNETR [32] 0.8987 0.8502 0.8234 0.8574

SS-UNETR (Ours) 0.9106 0.8819 0.8625 0.8850

∆ vs Swin UNETR +1.19% +3.17% +3.91% +2.76%

SS-UNETR attains the highest DSC across all three sub-regions: 0.9106 on Whole
Tumor (WT), 0.8819 on Tumor Core (TC), and 0.8625 on Enhancing Tumor (ET). The
mean DSC improvement of 2.76% over Swin UNETR is distributed asymmetrically across
sub-regions, with the largest relative gains observed on TC (+3.17%) and ET (+3.91%);
these are the two nested sub-regions whose delineation depends on the joint reasoning
over multiple spatial scales that the MSAB is designed to support. The reported values
are obtained through an independent evaluation on the official BraTS 2023 training and
validation partitions and do not constitute a formal challenge submission; the scores
therefore reflect the training and evaluation pipeline described in Section 5.1.2 rather
than the official online leaderboard.
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6.2.2 Comprehensive Ablation Study

The SS-UNETR ablation in Table 6.6 is organised as an incremental study in which
each row activates one additional component on top of the previous configuration, and
the rows are ordered to mirror the architectural argument of Section 4.3: we first show
that something more than the Swin UNETR encoder is required, then that centralised
multi-scale fusion is the right shape of that addition, then that per-scale attention further
improves the fused representation, and finally that the full SS-UNETR composition—
with strategic feature selection and the MSAB’s internal harmonisation stage—delivers a
gain that none of the intermediate configurations can reach individually. This subsection
motivates each row explicitly so that the five numerical configurations can be read as
the five specific architectural hypotheses they are intended to test, rather than as an
undifferentiated monotone improvement.

Table 6.6: Comprehensive ablation study on SS-UNETR components, reported as per-
sub-region DSC and mean DSC over the three sub-regions.

Model Variant Components WT TC ET Mean DSC

Baseline Swin UNETR (original) 0.8987 0.8502 0.8234 0.8574
+Shallow Path +Parallel CNN pathway 0.9034 0.8521 0.8251 0.8602
+Simple Bottleneck +Concatenation fusion 0.9067 0.8534 0.8267 0.8623
+Attention Modules +Feature-level attention 0.9098 0.8547 0.8284 0.8643
+Full SS-UNETR +All components 0.9106 0.8819 0.8625 0.8850

Row 1 – Baseline: the representational gap we are testing. The first row restates
the Swin UNETR baseline and exists so that every subsequent row can be interpreted as
a response to a specific limitation of this architecture. Swin UNETR’s skip connections
operate directly from encoder stage to decoder stage with no shared consolidation point,
which means that when the decoder begins reconstruction, each resolution level has access
only to its own corresponding encoder features. Our architectural hypothesis, formalised
in Section 4.3, is that the nested sub-region structure of brain tumours—where TC is
contained in WT and ET is contained in TC—requires each decoder step to have access
to a globally consolidated, multi-scale representation rather than to a single-scale skip,
because the decision at any point in the volume is conditional on information that may be
encoded at a different scale. Row 1 is the empirical instantiation of the configuration in
which this hypothesis is false; every subsequent row tests a component designed to close
that gap.

Row 2 – Shallow Path (mean DSC 0.8602, ∆ = +0.0028 over Baseline). Row 2
introduces the auxiliary shallow convolutional pathway in isolation, prior to any modifica-
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tion of the bottleneck. The component is evaluated first because it addresses a deficiency
that is structurally independent of the bottleneck: the Swin encoder’s first stage applies
stride-4 patch partitioning followed by window attention, an operation that suppresses
a portion of the voxel-near spatial signal required for boundary regression. A parallel
shallow-convolution path that operates on the raw input volume with a small receptive
field at full resolution preserves the edge-aware representation that the Swin pathway does
not supply. The observed gain is concentrated on the WT sub-region (+0.0047 DSC over
Baseline), which is dominated by the outer edema boundary and is therefore the regime
in which an additional voxel-level signal is expected to act. The corresponding changes
on TC and ET (+0.0019 and +0.0017) are small, which indicates that the shallow path
does not address the nested sub-region structure of the tumor in isolation; that role is
filled by the bottleneck modifications introduced in subsequent rows.

Row 3 – Simple Bottleneck (mean DSC 0.8623, ∆ = +0.0049 over Baseline).
Row 3 introduces concatenation-based multi-scale fusion at a single centralised bottleneck,
without the per-scale attention and channel-harmonisation operators that complete the
MSAB. The component is isolated in this form because any gain observed under the
full bottleneck could otherwise be attributed jointly to the consolidation step and to the
attention step; instantiating a bottleneck that contains only concatenation followed by a
1×1×1 fusion projection separates these two contributions. The DSC improvements on
all three sub-regions (+0.0080 on WT, +0.0032 on TC, +0.0033 on ET over Baseline)
are consistent with the architectural argument of Section 4.3: providing each decoder
step with a fused multi-scale representation before reconstruction enables the outer WT
envelope and the inner sub-regions to be inferred jointly rather than from a single-scale
skip. Centralised fusion is therefore identified as a contributor to the gain reported in
Row 5, and not as a step that becomes effective only in conjunction with attention.

Row 4 – Attention Modules (mean DSC 0.8643, ∆ = +0.0069 over Baseline).
Row 4 adds per-scale self-attention on top of the configuration of Row 3, while still
omitting the spatial-harmonisation and channel-fusion operators of the full MSAB. The
mechanistic role of the attention modules in this intermediate variant is to re-weight indi-
vidual scales according to the relative informativeness of each spatial location with respect
to the tumor context summarised at that scale. The corresponding DSC improvements
over Baseline are +0.0111 on WT, +0.0045 on TC, and +0.0050 on ET, with the largest
absolute gain again on WT. The marginal effect of attention on the nested sub-regions
is modest at this row because the per-scale attention operates on each feature map in-
dependently and therefore does not yet expose the cross-scale interactions on which TC
and ET delineation depends; that interaction is supplied by the harmonisation and fusion
stages introduced in Row 5.
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Row 5 – Full SS-UNETR (mean DSC 0.8850, ∆ = +0.0276 over Baseline). The
full SS-UNETR composes the configuration of Row 4 with three additional architectural
elements: the spatial-harmonisation step that brings all attended scales to a common
voxel grid prior to fusion, the dedicated channel-wise fusion operator that resolves the
concatenated representation, and the feature-selection scheme described in Section 4.3,
which reserves h3 as a direct decoder skip while routing the remaining encoder outputs
through the bottleneck. The resulting gain over Row 4 is asymmetric across sub-regions:
WT improves by +0.0008 DSC, whereas TC improves by +0.0272 and ET by +0.0341.
This asymmetry is consistent with the architectural intent of the full bottleneck. The
harmonisation and fusion operators are designed to produce a representation in which
each decoder step can simultaneously reason about the outer envelope of the tumor and
resolve nested decision boundaries, and the corresponding gains therefore appear on TC
and ET, the sub-regions whose delineation depends most strongly on this joint reasoning.
The smaller WT gain at this row reflects the fact that WT performance was already close
to its empirical ceiling at Row 4, so the additional capacity contributed by the full MSAB
is reallocated to the sub-regions in which it is informative rather than reused on a metric
that is already saturated.

Additive ordering versus leave-one-out. The rows of Table 6.6 are ordered addi-
tively rather than as a leave-one-out study around the full SS-UNETR for two reasons.
First, the components are causally dependent: the per-scale attention introduced in Row 4
operates on the concatenated bottleneck constructed in Row 3, and the harmonisation
and fusion operators introduced in Row 5 act on the per-scale attention outputs of Row 4.
A leave-one-out design would therefore evaluate variants in which earlier components are
present without the operators that consume them, and would attribute the resulting per-
formance to the removed component rather than to the structural inconsistency of the
variant. Second, the additive ordering reports each row’s contribution conditional on the
configuration in which the corresponding architectural decision is made, which is the con-
figuration relevant to interpreting that decision. The progressive improvement of mean
DSC across the five rows—0.8574, 0.8602, 0.8623, 0.8643, and 0.8850—together with the
localisation of the largest gain to the nested sub-regions in Row 5, is consistent with the
interpretation that the contributions are complementary rather than substitutable.

6.2.3 Feature Selection Analysis

The feature-selection analysis in Table 6.7 is reported separately from the component
ablation of Table 6.6 because it addresses a different question. The component ablation
establishes which modules should be present in the architecture; the feature-selection
analysis establishes, conditional on the MSAB being present, which subset of encoder
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features should be routed into it. The question is non-trivial because the encoder pro-
duces six candidate tensors of differing characteristics—the raw input projection enc0,
three Swin-stage outputs h0,h1,h2, the mid-level Swin stage h3, and the deepest Swin
stage h4—and the MSAB cannot treat them as interchangeable. Concatenating all six
tensors would saturate the bottleneck channel budget with redundant low-level texture;
concatenating only the deepest ones would deprive the decoder of the spatial resolution
required for accurate sub-region boundary delineation. The four rows of Table 6.7 there-
fore correspond to four feature-selection hypotheses, each motivated by a specific prior
about the role of the corresponding subset.

Table 6.7: Impact of bottleneck feature selection strategy on DSC

Feature Subset WT TC ET Mean DSC

All Features (h0–h4 + enc0) 0.9087 0.8534 0.8275 0.8632
Deep Features Only (h3, h4) 0.9001 0.8498 0.8234 0.8578
Shallow Features Only (enc0, h0, h1) 0.8956 0.8467 0.8198 0.8540
Selected Features (Ours) 0.9106 0.8819 0.8625 0.8850

Row 1 – All Features. The first row evaluates the hypothesis that a multi-scale bot-
tleneck should benefit from the broadest possible input, and therefore that concatenating
every encoder tensor (enc0,h0,h1,h2,h3,h4) into the MSAB should yield the strongest
result. The mean DSC of 0.8632 is the second-lowest entry in the table and is below the Se-
lected configuration by 0.0218 DSC. The regression admits a mechanistic interpretation:
concatenating all six tensors introduces substantial channel-level redundancy between
the shallow stages (enc0,h0,h1), each of which encodes similar low-frequency anatomi-
cal structure, and the concatenation-then-projection fusion operator amplifies rather than
averages this redundancy because its parameter budget is distributed across a larger num-
ber of correlated input channels. The intuition that more inputs are uniformly better is
therefore inconsistent with the empirical behaviour of this architecture, which motivates
the more selective configurations evaluated in the remaining rows.

Row 2 – Deep Features Only (h3,h4). The second row evaluates the hypothesis
that, for 3D medical segmentation, deep semantic features encode sufficient spatial struc-
ture that shallow features can be omitted from the bottleneck and routed directly to the
decoder. If this hypothesis were correct, the Deep Only configuration would converge
to the Selected configuration because both omit the same set of shallow tensors. The
observed gap of −0.0272 mean DSC relative to the Selected configuration provides quan-
titative evidence against this hypothesis in the present setting. The pattern of regression
is informative: the largest absolute losses appear on TC (−0.0321) and ET (−0.0391),
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the two nested sub-regions whose delineation requires a globally consolidated multi-scale
representation to disambiguate the containment relations between WT, TC, and ET. A
bottleneck supplied only with deep features lacks the mid-resolution structure required to
support these decisions, which is the deficiency that this row is designed to expose.

Row 3 – Shallow Features Only (enc0,h0,h1). Row 3 is the dual of Row 2 and evalu-
ates the mirror hypothesis: that the bottleneck’s primary function is to supply the decoder
with the edge-aware, high-resolution signal required for boundary regression, and that
deep semantic features are therefore dispensable. This configuration produces the weak-
est result in the table (0.8540 mean DSC), with the largest losses again on ET (−0.0427)
and TC (−0.0352). These two sub-regions require deep semantic discrimination between
tissue types with subtle intensity differences, such as enhancing and non-enhancing tu-
mor core, that shallow features alone cannot supply. Rows 2 and 3 together establish a
symmetric finding: neither the deep-only nor the shallow-only subset is sufficient, and in
both configurations the deficit is concentrated on the nested sub-regions, which reinforces
the interpretation that multi-scale fusion at the MSAB is specifically aimed at the nested
sub-region problem rather than at the outer WT boundary.

Row 4 – Selected Features. The Selected configuration routes enc0,h0,h1,h2, and
h4 into the MSAB while reserving the third Swin stage h3 as a direct skip connection to
the decoder. The motivation for this split is structural: h3 is the only encoder stage whose
resolution matches a mid-depth decoder block with a single upsampling step, which makes
it the only tensor whose integration through the bottleneck would require an additional
spatial rescaling, with a corresponding loss of boundary signal that the decoder subse-
quently requires for edema-contour regression. Routing h3 outside the MSAB preserves
this boundary signal at its native resolution while still making the remaining tensors
available to the bottleneck for global context consolidation. The corresponding empirical
result—+0.0218 mean DSC relative to All Features and +0.0272 relative to Deep Only—
is consistent with this structural reasoning, in the sense that the Selected configuration
outperforms every alternative on all three sub-regions and the largest gain is concentrated
on TC and ET, the sub-regions whose delineation depends jointly on globally consolidated
context (supplied by the MSAB) and on a locally preserved boundary signal (supplied by
the h3 direct skip). Table 6.7 therefore serves as an empirical check on a structural design
decision rather than as an unconstrained hyperparameter search.

6.2.4 Qualitative Visual Analysis

While the aggregated DSC statistics in Table 6.5 establish that SS-UNETR outperforms
its baselines in expectation, they do not by themselves convey how the model behaves on
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individual volumes or whether the gains are concentrated on any particular tumor presen-
tation. To examine this, we selected three deliberately diverse cases from the BraTS 2023
validation set—each chosen to span a different combination of tumor sub-regions, con-
trast appearance, and morphological complexity—and visualised the FLAIR input, the
expert ground-truth annotation, and the SS-UNETR prediction for each volume. The
cases are presented at large scale in Figure 16 so that the reader can assess agreement
with the reference annotation directly, and are discussed below in connection with the
architectural mechanisms introduced in Chapter 4.

Case 1: Focal glioma with all three sub-regions (Fig. 16a). The first case is
a representative scenario for the BraTS task: a moderately sized glioma in the right
posterior hemisphere whose annotation includes all three sub-regions, with a focal TC
and ET nested inside a roughly circular WT envelope. SS-UNETR reproduces the spatial
layout of the lesion with high fidelity. The location, size, and overall shape of the WT
region match the expert annotation, and the centrally located TC (red) and ET (blue)
components are placed at the correct anatomical position with approximately the same
area as the ground truth. A close inspection reveals only minor disagreements: the
predicted WT contour is slightly under-extended at the most lateral edge of the edema,
and a small isolated WT voxel cluster appears near the inferior boundary that is absent
from the reference. These deviations remain small relative to the total tumor extent and
do not affect the predicted topology of the nested sub-regions. The case is consistent
with the quantitative pattern of Table 6.5, in which the model’s strongest gains over
baseline architectures are obtained on TC and ET—the two sub-regions whose accurate
localisation in this image we attribute to the centralised, multi-scale context produced by
the Multi-Scale Attentive Bottleneck (MSAB) before the first decoder up-sampling step.

Case 2: Edema-only lesion with no enhancing component (Fig. 16b). The
second case is qualitatively different from the first: the expert annotation contains only the
Whole Tumor (WT) label, with no TC and no ET present. This presentation—commonly
associated with low-grade or non-enhancing gliomas—tests an aspect of model behaviour
that is rarely visible in aggregated metrics, namely the model’s ability to withhold the TC
and ET predictions when no enhancing or necrotic core actually exists. SS-UNETR passes
this test: the prediction overlay shows a large, contiguous WT mask whose shape and
extent closely follow the expert annotation, and—crucially—no spurious TC or ET voxels
are introduced anywhere in the volume. The principal disagreement with the reference
is a small additional WT cluster predicted near the superior midline, adjacent to the
lateral ventricle, which represents a localised false-positive activation in tissue with FLAIR
hyperintensity that is not pathological in this subject. The remainder of the predicted
WT region tracks the irregular, lobulated boundary of the edema closely. We attribute
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(a) Case 1 (validation Sample 55) – Right-posterior glioma exhibiting all three tumor
sub-regions: peritumoral edema (WT), a focal tumor core (TC), and a small enhancing
component (ET).

(b) Case 2 (validation Sample 150) – Edema-dominant posterior lesion in which the ex-
pert annotation contains only the Whole Tumor (WT) label, with no TC or ET present.

(c) Case 3 (validation Sample 69) – Large, heterogeneous right-hemisphere tumor with
substantial Whole Tumor (WT) extent, a sizeable Tumor Core (TC), and a prominent
Enhancing Tumor (ET) component.

Figure 16: Qualitative SS-UNETR segmentation results on three BraTS 2023 validation
cases. Each row, from left to right, shows: the FLAIR input slice, the expert ground-truth
annotation overlaid on FLAIR, and the SS-UNETR prediction overlaid on the same slice.
Colour coding follows the BraTS convention: green = Whole Tumor (WT), red = Tumor
Core (TC), and blue = Enhancing Tumor (ET). The three cases were chosen to span
distinct pathology phenotypes—a focal multi-region glioma, an edema-only lesion, and a
large heterogeneous tumor—rather than to demonstrate a single failure mode.

77



the absence of spurious sub-region predictions to the strategic feature-selection scheme
described in Section 4.3: by exposing the decoder, through the MSAB, to a globally
consolidated representation of the volume before reconstruction begins, the network is
able to evaluate sub-region likelihood in the context of the entire tumor envelope rather
than from a single-scale feature map.

Case 3: Large heterogeneous tumor with prominent core and enhancing com-
ponent (Fig. 16c). The third case represents the high-complexity end of the BraTS
distribution: a large right-hemisphere glioma in which all three sub-regions are sizeable,
the TC and ET extend over a substantial fraction of the tumor volume, and the enhancing
component shows an irregular morphology with internal concavities. The SS-UNETR pre-
diction reproduces the gross structure of the lesion correctly, including the relative spatial
arrangement of WT, TC, and ET, and recovers the bulk of the large enhancing compo-
nent with the appropriate location and orientation. The boundary of the predicted WT
envelope is generally tight along the medial edge but slightly under-extends along part
of the lateral edema, a small but visible discrepancy with the reference annotation. The
agreement on the ET sub-region is the most clinically salient observation in this case: the
prediction captures the major contiguous ET volume in approximately the correct shape
and area, which is the segmentation behaviour that translates most directly into the ET
DSC of 0.8625 reported in Table 6.5. This case also illustrates a current limitation of the
architecture: very fine geometric features along the irregular outer rim of the tumor are
smoothed in the prediction. This behaviour is consistent with the operating regime of the
MSAB, whose centralised fusion stage produces a globally consolidated representation at
the deepest spatial resolution, with a corresponding reduction in the network’s capacity
to recover the highest-frequency components of the outer edema boundary on the largest
and most morphologically complex tumors.

Cross-case observations. Three behavioural patterns are visible across the three cases
and reinforce the architectural argument of Chapter 4. First, SS-UNETR’s predictions
match the expert annotation closely on all three pathology phenotypes—focal multi-region
glioma, edema-only lesion, and large heterogeneous tumor—which supports the claim of
Section 6.2 that the quantitative improvements are not concentrated on a single subset
of cases. Second, the model’s most consistent strength is the spatial placement and
area of the TC and ET sub-regions, which is the regime in which the centralised feature
consolidation performed by the MSAB is theoretically most advantageous over distributed
skip connections, since it allows nested sub-region decisions to be made from a globally
integrated representation. Third, the visible disagreements with the ground truth are
predominantly small localised false-positive WT activations and minor under-extensions of
the outer edema boundary, rather than failures in the internal topology of the tumor; this
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is consistent with the deliberate exclusion of the third Swin stage (h3) from the bottleneck
and its retention as a direct skip path, which is intended precisely to preserve the mid-level
spatial resolution required for accurate sub-region delineation. Together, these case-level
observations are consistent with the quantitative gains in Tables 6.5 and 6.6 and provide
a mechanistic, image-level rationale for the architectural choices made in SS-UNETR.

6.2.5 Computational Efficiency

The accuracy gains reported in Sections 6.2–6.2.4 are clinically meaningful only if they are
obtained at a computational cost compatible with the resource constraints of clinical de-
ployment. Brain-tumor segmentation models that achieve marginally higher DSC at the
cost of substantially increased inference time or GPU memory consumption are difficult
to integrate into the radiology workflows for which they are intended, since volumetric
review stations operate under fixed throughput requirements and a model that lengthens
per-case inference by a large factor is incompatible with interactive use. The computa-
tional footprint of SS-UNETR is therefore quantified against three baselines—nnU-Net,
UNETR, and Swin UNETR—on identical hardware (NVIDIA L4, 24 GB) and under the
same input regime (128 × 128 × 128 patches, sliding-window inference at 50% overlap),
so that the reported overheads are not confounded by differences in precision modes or
implementation libraries. Table 6.8 reports parameter count, FLOPs per forward pass,
peak GPU memory during a full-volume inference, and end-to-end inference time per case.

Table 6.8: Computational efficiency comparison on a single NVIDIA L4 (24 GB) under
sliding-window inference at 50% overlap with a 1283 patch.

Method Params (M) FLOPs (G) Memory (GB) Infer. Time (s)

nnU-Net 31.2 145.3 8.2 12.4
UNETR 102.5 267.8 15.6 18.7
Swin UNETR 61.9 186.4 11.3 15.2
SS-UNETR (Ours) 62.7 192.1 11.8 15.9

Overhead vs Swin UNETR +1.3% +3.1% +4.4% +4.6%

The principal observation from Table 6.8 is that the incremental cost of the MSAB—
the per-scale self-attention modules, the trilinear harmonisation step, the channel-wise
concatenation, and the 1 × 1 × 1 fusion convolution—adds +0.8M parameters, +5.7G
FLOPs per forward pass, +0.5GB of peak GPU memory, and +0.7 s of end-to-end in-
ference time relative to the Swin UNETR baseline. Each of these increments admits a
mechanistic interpretation. The parameter overhead of 1.3% is dominated by the five
attention modules and the fusion convolution, whose channel widths are bounded above
by 16F and whose spatial extent operates at the deepest resolution H/32×W/32×D/32;
the harmonisation step itself contributes no parameters because trilinear interpolation is
a closed-form operator. The FLOPs overhead of 3.1% is concentrated in the attention
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modules applied to the shallower feature maps (enc0 and h0), whose spatial volumes
are largest before harmonisation and therefore generate the majority of the bottleneck’s
additional arithmetic, while the deepest attention module on h4 contributes negligibly.
The memory overhead of 4.4% corresponds to the peak activation footprint of holding
five attended feature maps in memory simultaneously through the harmonisation and
concatenation stages; this is the component of the MSAB most sensitive to patch size
and is the reason the architecture was configured for 1283 patches rather than 1923. The
inference-time overhead of 4.6% is slightly larger than the FLOPs overhead because tri-
linear interpolation and the concatenation primitive are bandwidth-bound rather than
compute-bound, and therefore incur a memory-traffic penalty that is not captured by a
pure FLOPs accounting but that appears in wall-clock measurements.

Set against the +2.76% mean DSC improvement reported in Table 6.5, the cost-to-
benefit ratio of the MSAB is approximately 1:1 on a percentage basis, in the sense that
each percentage point of additional FLOPs corresponds to a comparable percentage-point
gain in mean DSC. The relationship is more favourable when expressed in absolute terms:
the additional 0.7 s per case is well below the latency budget of standard radiology review
interfaces, while the +0.0391 DSC gain on the Enhancing Tumor sub-region in particular
has direct relevance for downstream target-volume delineation in surgical planning and
radiotherapy contouring. The comparison with UNETR illustrates the converse case: UN-
ETR consumes +64% more parameters, +39% more FLOPs, +32% more memory, and
+18% more inference time than SS-UNETR, while delivering substantially lower DSC on
all three sub-regions, which indicates that scaling parameter count alone is not a substi-
tute for the targeted architectural changes implemented by the MSAB. The comparison
with nnU-Net is instructive in a complementary direction: nnU-Net is the lightest con-
figuration in the table on every computational axis, but its lower DSC across all three
sub-regions, and particularly on TC and ET, indicates that the saved compute is paid for
in segmentation accuracy on the sub-regions that are most relevant for treatment plan-
ning. SS-UNETR therefore occupies a deliberate point on the accuracy–efficiency frontier:
it pays a small and well-characterised premium over Swin UNETR and a more substan-
tial premium over nnU-Net, and in exchange it delivers DSC improvements concentrated
on the Tumor Core and Enhancing Tumor sub-regions, which are the two metrics most
directly relevant to clinical use of the segmentation output.

6.2.6 Statistical Significance

The DSC improvements summarised in Table 6.5 are aggregated over 219 BraTS 2023
validation cases and therefore reflect performance in expectation across a heterogeneous
mixture of tumor phenotypes. Aggregate means do not, however, establish whether the
observed gains are robust to case-level variability or whether they could arise from a par-
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ticular split of the validation set. To address this, paired two-tailed t-tests are conducted
on the per-case DSC values for each sub-region, comparing SS-UNETR against each of the
three reference architectures. The paired design is appropriate because the four models
are evaluated on the same set of validation volumes, so the relevant unit of comparison
is the within-case difference in DSC rather than the marginal distribution of DSC under
each model; the paired test also increases statistical power by removing case-level variance
from the denominator. Table 6.9 reports the resulting p-values for each model-comparison
pair and each sub-region.

Table 6.9: Statistical significance of SS-UNETR improvements over reference
architectures, computed via paired two-tailed t-tests on per-case DSC values
across the 219-volume BraTS 2023 validation set.

Comparison WT p-value TC p-value ET p-value

SS-UNETR vs Swin UNETR 0.0043∗ 0.0128∗ 0.0234∗

SS-UNETR vs nnU-Net 0.0012∗∗ 0.0087∗ 0.0156∗

SS-UNETR vs UNETR 0.0008∗∗ 0.0045∗ 0.0098∗

∗p < 0.05, ∗∗p < 0.01. All tests are paired two-tailed t-tests on per-case DSC over the
n = 219 BraTS 2023 validation cases.

Three observations follow from Table 6.9. First, every entry in the table satisfies
p < 0.05, and every comparison against UNETR or nnU-Net satisfies p < 0.01. Under
the null hypothesis that SS-UNETR and the comparison model are of equal quality on
this distribution, the probability of observing case-level differences at least as large as
those measured is bounded above by the reported p-values. Second, the p-values are sys-
tematically larger for the WT comparisons than for the TC and ET comparisons against
the same baselines, despite the absolute DSC gain being largest on WT. This pattern is
consistent with the structure of the paired test, which depends on the ratio of the mean
within-case difference to its case-level standard deviation: the WT difference, although
large in expectation, is also the most variable across cases because WT segmentation is
dominated by the irregular outer edema boundary, whose morphology varies substantially
across tumor phenotypes. The TC and ET differences are smaller in absolute magnitude
but more consistent across cases, since TC and ET delineation depends predominantly
on the centralised global context supplied by the MSAB, and that context is comparably
beneficial across the validation distribution. Third, the comparison against Swin UNETR
yields the largest p-values in the table but remains below 0.05 on all three sub-regions.
This row is the most informative because it isolates the contribution of the MSAB and the
auxiliary convolutional branch: the optimiser, training schedule, augmentation pipeline,
and evaluation harness are held identical across SS-UNETR and Swin UNETR, so the
gains observed in this row cannot be attributed to those confounds.

A small number of caveats should accompany this interpretation. First, the t-test
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assumes that the case-level DSC differences are approximately normally distributed. The
difference distributions over the n = 219 validation cases were inspected and exhibit
no severe departures from normality, but no formal normality test is reported. Second,
the three model-comparison rows of Table 6.9 are not independent, since each row uses
the same SS-UNETR predictions on the same cases. The column-wise p-values should
therefore be interpreted as evidence about each individual baseline rather than as a
multi-comparison family without correction; under a Bonferroni-style adjustment that
multiplies the reported values by three, the SS-UNETR-vs-Swin-UNETR ET comparison
(p = 0.0234) is the only entry that approaches the adjusted 0.05 threshold, while all other
entries remain significant. Third, statistical significance under a paired test on a held-
out validation set is a necessary but not sufficient condition for clinical utility: the gains
must additionally generalise to external multi-centre data and be large enough in absolute
terms to alter clinical decision-making. The discussion that follows therefore considers
per-sub-region behaviour separately rather than reducing the analysis to a single mean
DSC.

6.2.7 Discussion

The results reported in this section are consistent with the hypothesis that centralised
multi-scale fusion outperforms distributed skip-connection schemes for the nested sub-
region structure of brain tumor segmentation. The MSAB consolidates encoder features
from five scales into a single representation prior to decoding, so that each decoder step
operates on a context in which the outer Whole Tumor envelope and the nested Tumor
Core and Enhancing Tumor sub-regions can be reasoned about jointly rather than sequen-
tially. The relative DSC gains of +3.17% on TC and +3.91% on ET over Swin UNETR
are the most clinically salient elements of this improvement, since these two sub-regions
most directly inform surgical resection planning and radiation-therapy target-volume con-
touring.

The accuracy gains are obtained at a small computational overhead relative to Swin UN-
ETR (+3.1% FLOPs and +4.6% inference time, see Table 6.8), which preserves the de-
ployment envelope of the baseline architecture and is compatible with clinical systems
that operate under fixed-throughput constraints. The paired-test p-values reported in
Table 6.9 are below 0.05 on all three sub-regions for all three baseline comparisons, which
indicates that the per-case DSC improvements are unlikely to be artefacts of the particular
validation split.

A number of practical limitations should be acknowledged. The evaluation is con-
ducted on BraTS-style preprocessed data; real-world hospital acquisitions may exhibit
greater scanner-level variability, motion artifacts, or incomplete modality sets, none of
which are represented in the validation distribution. In addition, although the gains on TC
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and ET are consistent across the validation set, robustness under domain shift and longi-
tudinal follow-up has not been established. Future work should therefore include external
multi-centre testing, uncertainty estimation for low-confidence regions, and prospective
studies that link segmentation quality to downstream treatment-planning outcomes.

6.3 OptiHealth System Results
OptiHealth is evaluated as an integrated platform rather than as an independent set
of models. Its computer-vision engine is the same YOLOv12n (CXR-Adaptive) and SS-
UNETR that were benchmarked in Sections 6.1 and 6.2; we deliberately do not re-evaluate
those models under a second protocol, as doing so would introduce metric ambiguity with-
out adding evidence. This section therefore focuses on the contributions that are unique
to the platform layer: the quality of the retrieval-augmented recommendation module,
the latency and deployment characteristics of the language services, pilot observations on
the Conversational Health Agent, and a structured comparison against existing health-
management paradigms.

6.3.1 Summary of Deployed Model Performance

Table 6.10 consolidates the empirical performance of the models actually deployed inside
OptiHealth, each cross-referenced to the chapter in which it was trained and evaluated.
No new vision benchmarks are introduced in this section.

6.3.2 LLM Inference Hardware and Latency

The recommendation pipeline is served by a Llama 4 17B checkpoint quantised to INT8
and containerised inside the OptiHealth NLP microservice. Inference runs on a single
NVIDIA A100 (40 GB) GPU. Under this configuration, a complete seven-day personalised
meal plan is produced in approximately 4–6 seconds end-to-end, including (i) the Chro-
maDB retrieval step—top-5 cosine-similarity search over the indexed WHO/CAC/FAO
knowledge base, consistently below 50ms—and (ii) LLM token generation, measured at
≈ 80–120 tokens per second at INT8 precision. For an asynchronous recommendation
workflow, this latency is comfortably within user-acceptability bounds, and the pipeline
can be scaled horizontally by replicating the NLP container behind the API gateway.

The Conversational Health Agent runs on a separate service that hosts a locally-served
Gemma 4 E4B checkpoint. In our pilot deployment, a single ReAct iteration (one LLM
call plus at most one tool invocation) completed in 1.5–3.0 seconds on the same A100
node, with typical patient dialogues converging within two to four iterations. Because
both the model weights and the tool implementations remain in-cluster, no patient data
leaves the deployment boundary during agent reasoning.
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Table 6.10: Deployed OptiHealth components and the evaluations that support them.

Component Evaluation Protocol Headline Result

YOLOv12n (CXR-
Adaptive)

VinDr-CXR: internal
80/15/5 split of 15k train
(750-image eval.), seed
1234; not official 3k test
(Section 6.1)

mAP@0.5 = 0.442; F1 =
0.454

SS-UNETR BraTS 2023, offi-
cial 1,251/219 train-
ing/validation split (Sec-
tion 6.2)

Mean DSC = 0.8850 (WT
0.9106, TC 0.8819, ET 0.8625)

Llama 4 17B +
RAG

Pilot evaluation by three
certified nutritionists (Sec-
tion 6.3.3)

Mean expert rating 4.2/5.0a

Conversational
Health Agent
(Gemma 4 E4B)

Structured dialogue walk-
through, internal trace re-
view (Section 6.3.4)

Qualitative pilot only; no
benchmark numbers claimedb

Mental Health Ana-
lyzer (RoBERTa +
BART-MNLI)

Off-the-shelf pre-trained
checkpoints, no in-thesis
retraining

Pre-trained performance from
original papers [29, 44, 85]

a Pilot only; see Section 6.3.3 for an explicit statement of statistical limitations.
b We report structured qualitative observations and deliberately avoid quoting a numeric accuracy,

given the absence of a validated clinical reference.
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6.3.3 LLM + RAG Qualitative Evaluation

The RAG-based recommendation module was evaluated by a panel of three certified nu-
tritionists. Each expert independently rated generated responses along four axes—factual
accuracy, relevance to the patient profile, safety, and personalisation—producing a mean
rating of 4.2/5.0, corresponding to the “Good” to “Excellent” band on the rating rubric.
A representative query, “a low-sodium, high-protein diet for a 45-year-old male with hy-
pertension,” retrieved relevant WHO and CAC guideline chunks and produced a complete
seven-day meal plan in which every constraint was satisfied and every recommendation
traced back to an evidence source displayed to the user.

Explicit statement of statistical limitations. The three-expert panel constitutes
a pilot study, not a powered clinical evaluation. The 4.2/5.0 score should therefore be
interpreted as proof-of-concept evidence that the RAG grounding mechanism is functioning
as intended, not as a validated clinical outcome. A properly powered follow-up study
would require a larger expert panel (n ≥ 30) with inter-rater-reliability metrics (e.g.,
Cohen’s κ), a blinded comparison against a no-RAG baseline, and automated NLP metrics
such as ROUGE-L or BERTScore against reference dietary guidelines to complement the
human ratings. We flag this as a priority item for future work in Chapter 7.

The principal qualitative finding reported by the expert panel is that the retrieved
context successfully anchors the generation: recommendations consistently cite retrieved
guideline text and rarely contain the fabricated dietary claims that are common when
an ungrounded LLM is asked similar questions. This supports the architectural claim of
Chapter 4 that the knowledge base, rather than the scale of the language model, is the
operative safety component in the recommendation pipeline.

6.3.4 Conversational Health Agent: Pilot Observations

The Conversational Health Agent described in Chapter 4 was exercised through a set
of scripted dialogues covering the ten registered tools (EHR retrieval, appointment and
prescription queries, geospatial doctor search, appointment creation, MedEx medicine
lookup, and mental-health analysis). We report structured qualitative observations and
explicitly decline to quote a numeric accuracy, since no clinician-annotated reference cor-
pus exists for these interactions in our setting.

The observations below summarise consistent behaviour across the dialogue walk-
throughs:

• Tool-selection fidelity. For the scripted intents, Gemma 4 E4B consistently
routed the request to an appropriate tool—for example, symptom queries triggered
analyze_mental_health_state or find_nearby_doctors rather than producing
ungrounded clinical advice from parametric memory alone.
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• Privacy boundary preservation. Because every PHI decryption passes through
the thread-local PIN described in Chapter 4, the agent never surfaced another pa-
tient’s record even when explicitly prompted with a different patient identifier; the
underlying tools reject the call before the LLM ever sees the data.

• Mental-health triage behaviour. On dialogues containing suicidal-ideation
markers, the BART-MNLI detective model produced high-probability activations
on the corresponding symptom cluster, the analyzer override was triggered, and the
agent responded with safety-oriented language and a referral tool invocation rather
than attempting therapy itself.

• Failure modes observed. We also observed recurrent limitations, which we report
honestly: Gemma 4 E4B occasionally hallucinated tool arguments (e.g., inventing a
non-existent doctor_id) when the user query was under-specified, and the agent did
not always recognise the need to request clarification before acting. These failure
modes are carried forward as limitations in Chapter 7 and motivate the planned
adversarial evaluation and domain fine-tuning described in Future Work.

6.3.5 User Interface

6.3.6 Discussion

OptiHealth demonstrates that the shift from an isolated clinical tool to a holistic, patient-
centric health-management platform is achievable within a single system. By deploying
the same YOLOv12 (CXR-Adaptive) and SS-UNETR checkpoints that are independently
benchmarked in Sections 6.1 and 6.2, the platform inherits reproducible diagnostic perfor-
mance without introducing a second, platform-specific evaluation regime. This deliberate
design choice keeps the scientific claims auditable: every diagnostic number reported for
OptiHealth is traceable to a controlled benchmark documented earlier in the thesis.

The RAG layer and the Conversational Health Agent are the genuinely new system-
level contributions. The RAG pipeline validates, at the pilot scale, the hypothesis that a
curated evidence base—rather than raw model scale—is the operative safety mechanism
for medical recommendation: grounded retrieval allowed a 17-billion-parameter LLM to
be rated 4.2/5.0 by domain experts, with consistent guideline-level citations and no ob-
served fabricated clinical claims. The Conversational Health Agent, in turn, shows that
the diagnostic pipeline of the preceding chapters can be composed into a patient-facing di-
alogue system without sacrificing the privacy boundary: the locally-hosted Gemma 4 E4B
backbone, the thread-local PIN-gated PHI tools, and the full audit trail of every tool call
jointly ensure that no patient record leaves the deployment during agent reasoning.

At the same time, the pilot nature of the evaluation must be stated plainly. Neither
the RAG ratings nor the agent dialogue walk-throughs constitute a powered clinical study,
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(a) Patient health-stats dashboard (b) CXR-Adaptive report analysis

(c) RAG-grounded diet recommendation (d) Conversational Health Agent

Figure 17: Prototype OptiHealth user interface. (a) the patient health-stats dashboard
aggregating self-input and diagnostic history, (b) the chest-X-ray report view backed
by the CXR-Adaptive (YOLOv12) detector, (c) the RAG-grounded personalised diet
recommendation screen that surfaces the retrieved WHO/CAC/FAO evidence alongside
each suggestion, and (d) the Conversational Health Agent interface through which patients
interact with the ten registered tools via the locally-served Gemma 4 E4B backbone.
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and the agent is known to hallucinate tool arguments under under-specified queries. These
are limitations, not results, and the roadmap for addressing them—larger expert panels
with inter-rater reliability, adversarial agent evaluation, and domain-adaptive fine-tuning
of Gemma 4 E4B—is carried forward to Chapter 7.

6.4 Cross-System Design Principles
Taken together, our three systems reveal a consistent theme: domain-specific constraints
and careful data treatment matter more than architectural complexity.

In chest X-ray detection, understanding that vertical flips violate thoracic anatomy
is more valuable than adding frequency-adaptive modules. In brain tumor segmentation,
recognizing that the decoder needs complete multi-scale context before reconstruction is
more useful than simply deepening the network. In the health recommendation system,
knowing that an LLM must be grounded in a curated knowledge base is more important
than using the largest model available.

This consistent finding, across three different medical AI problems, suggests that the
future of medical AI lies not just in bigger models, but in teams that deeply understand
the clinical and engineering constraints of their specific problem and design their solutions
accordingly.
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7 Conclusion

7.1 Summary
Medical artificial intelligence has matured rapidly for isolated tasks such as detecting
findings on a chest radiograph or delineating a tumor in an MRI volume. Clinical prac-
tice and patient well-being, however, depend on more than single-model outputs: they
require methodological consistency across modalities, transparent reporting of trade-offs,
and—when systems offer guidance—a defensible chain of evidence linking observation to
recommendation. This thesis addressed the fragmentation between specialised diagnostic
models and actionable patient support by developing, evaluating, and integrating three
complementary systems that together span thoracic pathology detection on VinDr-CXR,
brain tumor segmentation on BraTS 2023, and a health-management research prototype
(OptiHealth) that couples those vision capabilities with retrieval-grounded language gen-
eration and a tool-augmented conversational agent.

The investigation was motivated by the four research questions posed in Chapter 1:
whether disciplined data-centric training and inference on a standard YOLOv12 detector
can match or exceed architecturally specialised YOLO variants on multi-class chest X-
ray detection; whether centralised multi-scale fusion before decoding improves volumetric
brain tumor segmentation relative to conventional distributed skip connections; whether
a prototype platform can combine vision outputs with a retrieval-augmented language
model to deliver evidence-grounded health recommendations under pilot evaluation; and
whether a tool-using conversational agent can safely mediate between a patient and their
electronic record while preserving auditability. The empirical chapters answer these ques-
tions affirmatively within their stated experimental scopes, with the limitations section
below qualifying the strength of those claims.

CXR-Adaptive (thoracic detection). The first contribution demonstrates that
a disciplined data-centric protocol can rival or surpass custom network engineering for
long-tail, multi-label chest X-ray detection. We trained YOLOv12n from COCO ini-
tialisation using a two-stage protocol that first encourages robust features through mo-
saic augmentation and then refines on full-frame, anatomically faithful images. Inverse-
Frequency Weighted Upsampling (IFWU) addresses class imbalance by increasing expo-
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sure to under-represented pathologies, while Anatomically-Constrained Test-Time Aug-
mentation (CXR-TTA) replaces naïve geometric ensembles with transforms that respect
thoracic anatomy, improving diffuse and texture-dominant classes for which global context
is decisive. Under the same internal VinDr-CXR evaluation protocol as YOLOv11-MFF—
namely the stratified 80/15/5 partition of the 15,000-image training split (750-image eval-
uation subset, seed 1234), not the official 3,000-image challenge test set—together with
identical class definitions, the full pipeline attains an mAP@0.5 of 0.442, a 6.5% relative
gain over YOLOv11-MFF (0.415), and does so without introducing bespoke detection
modules. The improvement is not uniform across categories: performance rises sharply
on conditions such as interstitial lung disease and infiltration, while a subset of large
structural findings exhibits lower average precision because IFWU reallocates represen-
tational capacity toward rarer, high-risk patterns. We interpret this distribution as a
deliberate screening-oriented trade-off rather than a regression, but it must be validated
in prospective reader studies before any clinical inference is drawn.

SS-UNETR (brain tumor segmentation). The second contribution targets a
structural limitation common to many encoder–decoder designs: the decoder typically
begins reconstruction before it has access to a unified multi-scale representation of the
input. SS-UNETR introduces a Multi-Scale Attentive Bottleneck (MSAB) that aggregates
features from multiple encoder depths in a single locus before decoding, so that subsequent
layers operate on a consolidated context covering all tumor sub-regions. On BraTS 2023,
SS-UNETR attains Dice Similarity Coefficients of 0.9106 (Whole Tumor), 0.8819 (Tumor
Core), and 0.8625 (Enhancing Tumor), with a mean Dice improvement of 2.76% over
Swin UNETR and statistically significant gains under paired comparisons reported in the
results chapter. The relative gains are concentrated on the Tumor Core (+3.17%) and
Enhancing Tumor (+3.91%) sub-regions, which are the two metrics most directly relevant
to surgical resection planning and radiation-therapy target-volume contouring. The design
incurs only modest computational overhead relative to Swin UNETR (+3.1% FLOPs and
+4.6% inference time), so the accuracy gains are obtained without compromising the
deployment envelope of the baseline architecture.

OptiHealth (integration and grounded recommendations). The third con-
tribution examines how diagnostic outputs can feed a patient-facing layer without for-
feiting safety and traceability. OptiHealth couples the CXR and MRI pathways with
a Llama 4 17B model (INT8-quantised) served behind a Retrieval-Augmented Genera-
tion (RAG) pipeline. Manuals and guidelines from internationally recognised bodies—
including the World Health Organization, the Codex Alimentarius Commission, and the
Food and Agriculture Organization—are chunked, embedded with the Sentence Trans-
formers all-MiniLM-L6-v2 encoder, and stored in a ChromaDB vector index so that re-
trieval precedes generation. The intent is to constrain the language model with retrieved
evidence and to attenuate unsupported assertions; when dietary advice is presented to
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the user, the system can surface the source document and passage that grounds each frag-
ment of guidance. Architecturally, the platform follows a modern microservices pattern
(frontend, API gateway, containerised AI services, and relational plus vector storage),
allowing the vision models and the language stack to evolve independently.

Conversational Health Agent (patient-facing orchestration). Alongside the
RAG recommender, OptiHealth incorporates a tool-augmented Conversational Health
Agent built on LangChain and LangGraph. A ReAct-style state machine drives a reasoning–
acting–observation loop over ten patient-scoped tools spanning electronic health record
access, appointment scheduling, prescription lookup, geospatial doctor search, real-time
medicine information, and a dual-model mental health analyser (a RoBERTa well-being
scorer paired with a BART-MNLI zero-shot symptom detector). The reasoning node is
a locally-hosted Gemma 4 E4B open-weights model, selected for its hybrid local/global
attention, 128K-token context window, and explicit tuning for on-device agentic work-
flows; keeping the language model in-cluster ensures that no patient record traverses a
third-party inference boundary. Identity pinning, thread-local PHI decryption, and a
structured conversation log align the agent with the platform’s broader authentication
and auditability requirements. This orchestration layer renders the underlying diagnostic
pipeline directly addressable by the patient through natural language, while preserving
the provenance guarantees expected of clinical software.

Synthesis. Considered as a whole, the three contributions advance a single position:
strong single-task models are necessary but not sufficient for patient-centred medical AI.
CXR-Adaptive and SS-UNETR demonstrate how careful training objectives and archi-
tectural choices push performance on public benchmarks; OptiHealth demonstrates how
those outputs can be embedded in a larger workflow in which grounding and provenance
carry as much weight as raw accuracy. The thesis does not claim that the resulting
pipeline is ready for autonomous clinical deployment; it claims that the constituent com-
ponents are technically compatible, empirically characterised, and directionally consistent
with the broader objective of safer and more interpretable health information systems.

7.2 Limitations
The empirical claims presented in this thesis are bounded in three ways: by the datasets
on which each system was trained and evaluated, by the specific protocols under which
its performance was measured, and by the unavoidable architectural distance between a
research prototype and a regulated clinical instrument. This section therefore organises
the limitations first around the individual contributions—so that the scope of each empir-
ical result is unambiguous—and subsequently around cross-cutting concerns that apply
to the integrated pipeline as a whole.

For CXR-Adaptive, the single most consequential limitation is that all quantitative
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claims originate from a single institutional source. VinDr-CXR was curated at a Viet-
namese centre, and although its annotation protocol is rigorous, the distribution of scan-
ners, patient demographics, acquisition parameters, and labelling conventions is unlikely
to be representative of deployment populations elsewhere. External validation on at least
one comparable resource—MIMIC-CXR or NIH ChestX-ray14 adapted to a comparable
label schema—is a prerequisite before any claim of cross-institutional utility can be made,
and such validation should be paired with a per-subgroup error analysis across age bands,
sex, and scanner vendor rather than an aggregated mAP figure alone. A second limitation
concerns the comparative protocol itself: the reported lead over YOLOv11-MFF is defined
strictly within the YOLO-family comparison regime on the internal 750-image evaluation
subset drawn from the 15,000-image training split (seed 1234), following the same con-
vention as that baseline, rather than on the official 3,000-image VinDr-CXR challenge
test partition; it also assumes the label taxonomy published with the YOLOv11-MFF
paper. Any broader claim—for example, superiority over non-YOLO detectors such as
RetinaNet, DETR, or two-stage cascade detectors—would require a separately designed
benchmark that our evaluation does not attempt. A third limitation is architectural rather
than protocol-specific: small-object pathology, in particular pulmonary nodules below the
typical anchor-stride scale, remains difficult even after Inverse-Frequency Weighted Up-
sampling, and the per-class performance table in Section 6.1 makes this concrete—the best
Nodule/Mass AP attained by the final configuration is only 0.286, indicating that rebal-
ancing alone cannot substitute for higher-resolution feature supervision or small-object-
specialised training regimes. Finally, mAP at any IoU threshold is a geometric quantity
and not a clinical one; the class-level trade-off we deliberately accept—lower precision
on aortic enlargement and cardiomegaly in exchange for substantial gains on diffuse and
low-prevalence pathologies—is clinically justifiable in a screening context, but that jus-
tification itself remains a claim pending a prospective reader study in which radiologists
operate with and without the model and its effect on triage throughput, false-negative
rates, and physician confidence is measured directly. Unlike the BraTS segmentation
study, the CXR chapter reports a single mAP@0.5 point estimate on the fixed evaluation
subset without bootstrap confidence intervals or distributional significance tests against
YOLOv11-MFF.

For SS-UNETR, BraTS 2023 provides a rigorous but still standardised evaluation set-
ting whose every stage—skull-stripping, modality co-registration, intensity normalisation,
and resampling to a uniform voxel grid—is performed upstream by the organisers. Clin-
ical MRI workflows rarely provide such sanitised inputs: motion artefacts, non-standard
acquisition geometries, and missing modalities are the norm rather than the exception,
and our architecture, which assumes the four-modality T1ce/T1/FLAIR/T2 stack at ev-
ery inference step, has not been tested under modality dropout or sequence substitution.
The MSAB design also introduces a measurable computational cost—a 3.1% increase
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in FLOPs and a 4.6% increase in inference latency relative to Swin UNETR—which,
while modest, becomes non-trivial on resource-constrained hospital workstations and re-
quires further engineering (mixed-precision inference, knowledge distillation, or a lighter
bottleneck variant) before the method can be claimed to be deployment-ready on com-
modity hardware. Most importantly, the statistical significance reported in Section 6.2
is computed on the official BraTS validation split and reflects only the stability of the
improvement on that distribution; it does not constitute evidence of robustness under do-
main shift, across MR vendors not represented in the training distribution, or on tumor
subtypes—for example, paediatric gliomas or post-operative cavities—that are sparsely
present in BraTS itself. A single-centre validation result, however strong, should not be
extrapolated to multi-centre claims without matched evidence.

For OptiHealth as a system, the strongest limitation is evidentiary rather than tech-
nical. The RAG recommender was assessed by a panel of three certified nutritionists
producing a mean rating of 4.2/5.0; in the strictest reading this is a pilot evaluation
appropriate for demonstrating that the grounding mechanism operates as intended, and
is not a substitute for a powered clinical study. A properly powered evaluation would
require a larger expert panel (n ≥ 30), blinded comparison against a no-RAG baseline,
inter-rater-reliability metrics such as Cohen’s κ, and automated NLP scores—BERTScore,
ROUGE-L, or domain-specific factuality measures against reference dietary guidelines—
to complement the human ratings. Retrieval-augmented generation also has intrinsic
failure modes that no amount of additional evaluation will eliminate: retrieval may re-
turn topically adjacent but clinically irrelevant passages when the query under-specifies
its context, and the language model can still over-generalise around retrieved evidence
unless constrained by policy layers and human oversight. Beyond the recommender itself,
the integration envelope of the platform was deliberately kept research-grade: there is no
live electronic-health-record connector, no formal consent-management workflow, and no
certified audit trail suitable for regulatory inspection. A further point of interpretive cau-
tion is that the vision components embedded inside OptiHealth must be read against the
benchmarks reported in the dedicated CXR and segmentation chapters; where training
data, input resolution, or metric protocol differ between chapters, the difference reflects a
change in experimental context rather than a unified leaderboard, and individual numbers
should not be composed across chapters without regard for that context.

The Conversational Health Agent inherits these platform-level limitations and intro-
duces three of its own. First, the reasoning backbone is a general-purpose open-weights
language model (Gemma 4 E4B), not a clinically certified one: tool calling guarantees
that the facts returned by a tool are authentic, but it does not guarantee that the
natural-language explanation synthesised around those facts is free of error, unwarranted
confidence, or paraphrasing drift. In our dialogue walk-throughs we observed recurrent
instances of hallucinated tool arguments, most visibly the invention of a non-existent
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doctor_id when a user query under-specified the referral context, and this class of failure
is structural rather than anecdotal—it reflects the agent’s current inability to recognise
when clarification is required before action. Second, the dual-model mental-health anal-
yser is explicitly a screening aid, and its two components—the SiEBERT RoBERTa senti-
ment scorer and the BART-MNLI zero-shot symptom detector—have not been calibrated
against structured clinical instruments such as PHQ-9 or GAD-7 on the Bangladeshi
target population for which OptiHealth is ultimately intended. Its symptom labels are
taxonomic rather than diagnostic, and under no circumstances should its output be in-
terpreted as a substitute for professional psychiatric evaluation. Third, the live MedEx
Bangladesh medicine-lookup tool depends on an upstream HTML source whose structure
is outside our control; any change to the source renders the tool silently brittle, a re-
producibility risk that affects every subsequent user session until the scraper is updated.
Finally, although identity pinning, thread-local PHI decryption, and a structured con-
versation audit log jointly mitigate the most obvious leakage vectors, formal adversarial
evaluation—covering direct prompt injection, indirect tool abuse through retrieved con-
tent, and cross-session context bleed—was not in scope of this thesis, and is a prerequisite
for any deployment beyond the research setting described here.

Taken together, three concerns apply to every system in the thesis. Fairness, bias, and
equity have received only preliminary treatment: dataset demographics, label noise, and
the operationalisation of pathology categories themselves can encode institutional and
historical biases, and the absence of a per-subgroup calibration analysis in each of the
three empirical chapters leaves open the possibility that published aggregate metrics mask
disparate performance on under-represented groups. Security and adversarial robustness
were addressed by the encryption and authentication layers described in Chapter 4, but no
formal threat model was enumerated and no red-team evaluation was performed against
either the vision endpoints or the LLM-based services; adversarial imaging inputs and
adversarial prompting both remain open attack surfaces. Finally, regulatory positioning
was explicitly outside the scope of this work: none of the three systems has been classified
under Software-as-a-Medical-Device (SaMD) risk frameworks, none has been placed under
an institutional review board protocol for prospective use, and none has been paired with a
liability-and-consent framework appropriate to a clinical deployment. The thesis therefore
contributes reproducible benchmarks, architectural ideas, and an integrated prototype; it
does not contribute a regulated clinical product.

7.3 Future Work
The limitations enumerated above describe the boundaries of the present contribution;
this section outlines the research programme that would move each system beyond those
boundaries. We organise the roadmap into near-term extensions that address the specific
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limitations of each contribution, followed by broader directions that apply to the pipeline
as a whole. Near-term priorities emphasise external validity, clinical realism, and safety-
oriented engineering rather than model scale, reflecting our position that the operative
bottleneck for medical AI in deployment is evidence quality rather than parameter count.

For chest X-ray detection, the next phase of CXR-Adaptive research should prioritise
cross-institutional validity over further in-distribution accuracy. A multi-site evaluation
on MIMIC-CXR and NIH ChestX-ray14—harmonised under a common label taxonomy—
would establish whether the present mAP lead generalises beyond the VinDr-CXR dis-
tribution, and that evaluation should be accompanied by a calibration analysis (expected
calibration error and per-class reliability diagrams) and a per-subgroup error breakdown
across age, sex, and scanner vendor, so that any deployment claim can be supported by
disaggregated evidence rather than a single averaged metric. Beyond validation, CXR-
TTA should be complemented by explicit intensity-normalisation strategies—histogram
matching to a reference distribution, or learned appearance-harmonisation networks—
that protect against the scanner-level appearance shift that currently sits outside the
augmentation surface. A second research track concerns predictive uncertainty: deep en-
sembles, Monte Carlo dropout, or evidential detection heads would equip the model with
case-level confidence estimates, which are a prerequisite for triage workflows in which
high-confidence positives and high-confidence negatives must be routed differently from
ambiguous cases. Small-object pathology—pulmonary nodules in particular—warrants
a dedicated study in which a higher-resolution backbone, a cascaded detector with an
explicit small-object head, or a dual-resolution training regime are evaluated against the
present IFWU baseline. Finally, the class-level trade-off that IFWU deliberately induces
should be validated, or revised, in direct collaboration with radiology departments: a
prospective reader-assistance study in which radiologists triage with and without CXR-
Adaptive would establish whether the present weighting reflects institutional screening
priorities or whether a different cost-sensitive configuration is required.

For brain tumor segmentation, the principal question opened by SS-UNETR is whether
the Multi-Scale Attentive Bottleneck constitutes a general design pattern or a glioma-
specific optimisation. Addressing this requires extension to additional organs and modal-
ities: volumetric segmentation of abdominal CT (kidney, liver, pancreas), of white-matter
hyperintensities on T2-FLAIR, and of cardiac chambers on cine MR would each test the
centralised-fusion hypothesis on anatomical regimes whose multi-scale structure differs
meaningfully from BraTS-like lesions. A second research track focuses on deployment
economics: knowledge distillation from a full SS-UNETR teacher into a lighter student,
mixed-precision inference, and a lighter bottleneck variant that preserves centralised fu-
sion with reduced channel dimensionality would render the architecture more attractive
for intra-operative or resource-constrained settings where the present 62.7M-parameter
footprint is prohibitive. A third direction addresses the modality-availability assumption:
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training with modality-dropout augmentation, or distilling a multi-modal teacher into a
uni-modal student, would provide graceful degradation when one or more MR sequences
are unavailable in routine clinical practice. Coupling the segmentation output with uncer-
tainty maps—voxel-level predictive variance computed by Monte Carlo dropout or deep
ensembles—would additionally provide surgeons and radiation oncologists with explicit
flagging of low-confidence boundary regions, which is arguably more clinically actionable
than a point-estimate segmentation of equivalent mean quality.

For OptiHealth and for platforms of comparable integrative scope, the future-work
agenda divides cleanly into an evaluation track, a technical track, and a governance
track. The evaluation track must replace the present three-expert pilot with a pow-
ered study: at minimum, a panel of n ≥ 30 domain experts, blinded to model iden-
tity, rating recommendations against a reference standard derived from the same source
corpora, with inter-rater-reliability metrics reported alongside mean scores. That hu-
man evaluation should be paired with automated factuality metrics against reference
guidelines—FactScore, BERTScore, MedNLI entailment—and with a retrieval-audit pro-
cedure in which adversarial queries probe the corpus for coverage gaps and for cases in
which the retrieved context is topically plausible but clinically misleading. The technical
track should tighten the coupling between structured EHR data and retrieval so that
recommendations can be personalised at the level of individual laboratory values, docu-
mented allergies, and current prescriptions rather than at the level of high-level diagnostic
categories, and it should introduce automated contraindication-safety checks—drug–drug
interaction scans and allergen-intersection tests—that operate as policy layers before a
recommendation is surfaced to the user. The governance track is the least technical but
the most consequential for real deployment: versioned releases of the knowledge base with
explicit provenance for every document, institutional-review-board approval protocols,
patient-consent schemas that distinguish between diagnostic and recommendation-level
consent, and clearly delineated liability boundaries are all prerequisites before the plat-
form can be offered in any setting other than a supervised research prototype. A longitu-
dinal outcome study—measuring whether grounded dietary and referral advice produces
measurable changes in patient behaviour or in clinical endpoints such as blood-pressure
trajectory or HbA1c—is the evidentiary keystone of this track; until such evidence exists,
OptiHealth should continue to be described as an assistive research system rather than
as a clinical intervention.

The Conversational Health Agent has the most safety-sensitive research agenda of
the four contributions, and the immediate priorities are therefore defensive rather than
expansive. The first priority is agent-safety benchmarking: the LangGraph state machine
should be exercised against published prompt-injection suites and indirect-tool-abuse test
cases, with explicit refusal behaviour measured rather than merely observed, and the cur-
rent MedEx-scraping and EHR tools should be placed behind a schema-validation layer
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that rejects malformed or out-of-bounds arguments before they ever reach a downstream
service. The second priority is calibration: the dual-model mental-health analyser must
be evaluated against PHQ-9 and GAD-7 on a Bangladeshi cohort so that its screen-
ing output is interpretable on the population it is intended to serve, and it should be
paired with a clinically-reviewed safety-referral protocol for high-risk activations rather
than the current symptom-taxonomy labels alone. The third priority is human-in-the-
loop design: every mutating tool invocation—appointment creation, referral dispatch,
any future prescription-adjacent action—should pass through an explicit confirmation
node in the LangGraph graph, and the audit log should be externally inspectable rather
than application-internal. Medium-term work includes a deliberate expansion of the tool
surface to cover laboratory-result interpretation, medication-adherence tracking, and tele-
health bridging; domain-adaptive fine-tuning of the Gemma 4 E4B backbone on Bangla–
English clinical dialogue so that the reasoning layer better reflects the linguistic and
epidemiological reality of the target population; and an ongoing red-teaming protocol,
ideally conducted quarterly and involving external reviewers, that stress-tests the agent’s
refusal behaviour under adversarial and ambiguous inputs rather than under the scripted
dialogues used during this thesis.

Beyond the individual systems, three cross-cutting directions deserve sustained invest-
ment. The first is representation sharing across modalities: institutions that operate both
radiography and MRI could benefit from multi-task models in which a shared backbone
is jointly trained on thoracic detection and volumetric segmentation, with task-specific
heads, and the question of whether such sharing produces positive transfer or destructive
interference is itself a research question of substantial interest. The second is federated
learning: the data-governance pressures that motivated our in-cluster LLM deployment
apply equally to training, and federated or split-learning protocols offer a path by which
multiple institutions can contribute to generalisation without centralising raw patient
data. The third is open reporting: the present gap between what an AI-assisted radiology
and recommendation system claims and what it has actually been evaluated for is in part
a reporting-standards gap, and the adoption of reporting frameworks such as CLAIM for
imaging AI, TRIPOD+AI for predictive models, and MINIMAR for model-information
disclosure would make fair cross-institution comparison feasible in a way that the current
publication culture does not.

In closing, this thesis contributes concrete benchmarks, reusable architectural ideas,
and a single integrated prototype toward a more grounded conception of artificial intel-
ligence in healthcare—one in which performance on images is paired with transparency
in how advice is produced, in which every recommendation is traceable to its evidence,
and in which limitations are stated as plainly as successes. The research programme
outlined above is deliberately weighted toward external validation, safety-oriented engi-
neering, and governance rather than toward architectural novelty, because we take the
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view that the decisive obstacle to clinically useful medical AI is no longer model capabil-
ity but the evidence, infrastructure, and accountability required to deploy that capability
responsibly.
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A Supplementary Results for CXR-
Adaptive

Table A.1: Full per-class AP@0.5 comparison: YOLOv11-MFF vs CXR-Adaptive (CXR-
TTA)

Class YOLOv11-MFF Ours (CXR-TTA)

Aortic Enlargement 0.924 0.598

Atelectasis 0.454 0.266

Calcification 0.251 0.223

Cardiomegaly 0.932 0.676

Nodule/Mass 0.339 0.286

Pleural Effusion 0.490 0.467

Pleural Thickening 0.227 0.198

Consolidation 0.315 0.541

ILD 0.201 0.611

Infiltration 0.340 0.505

Lung Opacity 0.297 0.394

Other Lesion 0.097 0.402

Pneumothorax 0.559 0.592

Pulmonary Fibrosis 0.390 0.428

mAP@0.5 0.415 0.442
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B SS-UNETR Architecture Details

Table B.1: SS-UNETR full layer-by-layer output dimensions (base feature size F = 48)

Layer Output Resolution Output Channels

Encoder Path

Shallow Conv (enc0) H ×W ×D F

Patch Embed (h0) H/2×W/2×D/2 F

Swin Stage 1 (h1) H/4×W/4×D/4 2F

Swin Stage 2 (h2) H/8×W/8×D/8 4F

Swin Stage 3 (h3) H/16×W/16×D/16 8F

Swin Stage 4 (h4) H/32×W/32×D/32 16F

Bottleneck

Fusion Output (Bout) H/32×W/32×D/32 32F

Decoder Path

Decoder 5 H/16×W/16×D/16 16F

Decoder 4 H/8×W/8×D/8 8F

Decoder 3 H/4×W/4×D/4 4F

Decoder 2 H/2×W/2×D/2 2F

Decoder 1 H ×W ×D F

Output Head H ×W ×D 3
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