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What is Medical
Imaging?

Detinition: Medical imaging retfers to the process of
creating images from inside the human body.

Primary Goal: Its primary goal is to use these
images for clinical analysis and medical intervention.

Application: These images help in accurately
identitying internal structures and their functions.

Tools and Techniques: Medical imaging uses various
tools and techniques to provide detailed visuals of
tissues and organs.




What Is Medical Image
Analysis?

- Definition: Processing and interpreting medical images to extract usetul information.
*  Purpose: Assist in diagnosis, prediction, and decision-making.

* Importance: Enhances accuracy and reduces human error.

Input: Image - Processing — Output :Diagnosis
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A Brief History of Medical ‘ ‘

Imaging

/' Discovery of X-rays by Wilhelm
@ / Rontgen

Emergence of CT Scan =

and MRI /

Advances in Digital Imaging
and Artificial Intelligence
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Types of Medical Images \

. X-ray: For bones and fractures.

. Computed Tomography (CT): Detailed cross-sectional images.
Magnetic Resonance Imaging (MRI): Soft tissue details.
Ultrasound: Non-invasive imaging with sound waves.

Nuclear Imaging (PET/SPECT): Functional analysis of organs.




Importance of Medical
Image Analysis

S | S

- Early Detection

« Treatment Planning . Improved Outcomes




Traditional Methods of
Medical Image Analysis

* Manual analysis by radiologists: * Use of Basic Software Tools:
Medical images are traditionally examined by Simple tools like filtering and contrast adjustment
radiologists, relying on their experience and pattern help, but offer limited support in analysis.

recognition skills.

* Use of Traditional Al Methods:
Betore deep learning, algorithms like SVM, KNN, and threshold-based

segmentation were used. These methods analyzed medical images in a

one-dimensional way, lacking the ability to capture complex interactions.

They also required manual feature extraction and had limited accuracy.




Challenges in Medical
Image Analysis

Accuracy and

Correct
Diagnosis
Technical
Difficulties
Individual
Differences
challenge
High Level of
Expertise
Required Large Data

Volume

Ethical and
Privacy Issues




Why i1s this matter
important?
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Medical images (CT, MRI, X-ray) are central
to diagnosis.
Challenge: Interpretation is time-consuming,
prone to human error and often one-dimensional.
Solution: The Use of Multimodal Models in

Medical Image Analysis.

e

Radiobgy report:
fndings consisent Wi

amoderate fracture
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Multimodal Models

* Multimodal models refer to systems that can process and integrate data from
different sources (modalities). These models combine various types of data such

as images, text, audio, and video to achieve a better understanding of the data.

Types of Multimodal Models: -

A
* Image-Text Models g @ — VLM — %Efut \
* Audio-Text Models Image &y

* Video-Text Models

e Cross-modal Models
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What Are Vision-Language
Models (VLMs)?

[ Generative Al } ~

 Vision language models (VLMs) are a type of artificial |(
intelligence (Al) model that can understand and generate LI gy L
text about images. They do this by combining computer -
vision and natural language processing models. VLMs can
take image inputs and generate text outputs.

VAE

GPT-4
CLIP
Gemini
DALL-E
LLaVA

ChatGPT

Diffusion model

BARD

PaLM

* Vision language models (VLMs) are multimodal,
generative Al models capable of understanding and
processing video, image, and text.

LLaMA




* Architecture: VLMs typically use a
transformer-based architecture, combining
components like  convolutional  neuradl
networks (CNNs) or vision transformers (ViTs)
for image processing and large language
models (LLMs) for text processing. These are
fused into a unified model, often with cross-
attention mechanisms to align visual and
textual features.
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Fusion in VLMs

* Fusion is the process of combining information from different modalities
(e.g., images and text) to produce a unitied representation.

Types ot Fusion:

* Early Fusion: Information from different modalities is combined early in the
process, often before feature extraction.

» Example: Concatenating raw image pixels and text tokens together.

* Late Fusion: Modalities are processed separately, and their outputs are
combined at a later stage, after individual processing.

> Example: Separate image and text encoders, with outputs merged tfor final
processing.

* Hybrid Fusion: A combination of early and late fusion, where some teatures
are combined early, and others are fused later in the model.

» Example: Early fusion of simple fteatures, with later fusion of more complex
teatures or predictions.

a2 42 2 2 2 2 2 4
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CLIP (Contrastive Language-
Image Pre-training)
salesforce VIiLBERT (Vision-and-
Language BERT)
BLIP (Bootstrapped Language

Image Pretraining) Flamingo




*“*Applications of VLMs
iIn Medical Image
Analysis®




Disease Detection

» Automated Diagnosis: VLMs identity diseases like
cancer or neurological disorders by analyzing

. . . REPORT:
medical images (e.g., mammograms, brain MRIs)

There is a suspicious

alongside clinical text. 1.5 cm pulmonary nodule
in the right lung, with

* Enhanced Accuracy: Combining imaging data a round shape and
well-defined margins.

with textual descriptions (e.g., patient symptoms)
improves diagnostic precision.

* Example: Models like Med-PalLM achieve up to
20% higher accuracy in detecting lung nodules

compared to traditional methods. T

20



Automated Report
Generation

* Report Writing: VLMs generate detailed radiology
reports from medical images, reducing workload

for radiologists. e e |
e Contextual Understanding: Models interpret ) gf;sd;?egaly 3
images in the context of patient history or clinical o ild pulmanary
notes, producing coherent reports. SCema 1S Neleey

® Vascular prominence
is seen in the lungs.

* Case Study: CheXzero generates chest X-ray
reports with 90% alignment to expert radiologist
reports.

21



Visual QueSt;(;I; cececcccecess

Answering (VQA) In
Medicine

* Interactive Diagnostics: VLMs answer specific
questions about medical images (e.g., “Is there a
fracture in this X-ray?"). Q: What is the

 Training and Education: Supports medical abnormality?
students by providing real-time teedback on
image-based queries.

* Application: VLM-based tools assist in
telemedicine, enabling remote consultations with
precise image analysis.

*//

A: Thereis a
pneumothorax
on the left.

22
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Medical Image Segmentation

* Precise Segmentation: VLMs perform accurate
segmentation of medical images (e.g., identitying
tumors or organs in MRI/CT scans) using natural
language prompts to guide the process.

e Context-Aware Analysis: Language inputs (e.g.,
"Segment the tumor in this MRI") enable precise
delineation of regions of interest.

* Example: Models like LLaVA-Med achieve high
Dice scores (e.g., 0.85) for tumor segmentation,
outperforming traditional methods.

0000000
0000000
0000000
Segment
the tumor




(((\" Limitations of VLMs

Requirement for large training
datasets

0 Computational complexity

O

Generalization challenges with
new data

\ ‘4 4 42 42 2 2 O & & A A ¢
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/
* Develop ClinicalBLIP model that produces precise radiology reports from clinical images using
prior medical knowledge.

\

to connect images and text, and a large language model (LLM) for report generation.
* Fine-Tuning:

.Stage 1: Enhances image understanding without extra data.
.Stage 2: Combines image and text data with medical knowledge (e.g., medical tags)

* Datasets: Tested on IU X-RAY (3337 reports) and MIMIC-CXR (152,173 training reports).

)
* Model: Built on InstructBLIP, it includes a visual encoder, a query transformer (Q-Former) \

k Metrics: Evaluated with BLEU, METEOR, and ROUGE-L for report quality. /

IlU X-RAY: Achieved METEOR (0.570) and ROUGE-L (0.534), outperforming other models. BLEU-A (0.296)
was also strong.

MIMIC-CXR: Scored METEOR (0.365) and ROUGE-L (0.313), better than competitors, but BLEU-A (0.162)
was slightly lower.

Case Studies: Reports were mostly accurate but had minor differences in details or wording.

\

/

-~

* ClinicalBLIP generates reliable radiology reports quickly, showing great potential to assist
doctors. It needs further refinement for precise terminology and details.

~
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LLaVA-Med (91.09%).
* PMC-VQA: 39.89% accuracy, better than Quilt-LLaVA (33.34%).
Zero-Shot: Excelled on BACH, OSCC, and ColonPath compared to other models.
Manual Evaluation: Beat doctors in supervised VQA (92.51% vs. 71.15%) but lagged in zero-shot (62.98% vs.
83.30%) due to image quality.

. /

PathologyVLM is strong at understanding pathology images and answering questions. Its open-source data
and code support research, but image quality and data balance need improvement.

» Create PathologyVLM model to understand pathology images and answer questions using public
data.
ﬁa’ra: \
* Training Data: The researchers created a large dataset consisting of pathology images and their
corresponding textual descriptions, which were used to train the model. This dataset includes 1.4 million
image-description pairs.
Model:
PLIP: A pathology-specitic encoder, replacing CLIP, for better image understanding.
Connector: Prevents image detail loss by avoiding scaling.
Language Model: LLaMA3, fine-tuned for pathology.
KTraining: Three stages: PLIP pretraining, data alignment, and VQA fine-tuning. /
/Supervised VQA: \
* PathVQA: 92.51% accuracy (closed-set), 67.43% recall (overall), outperforming LLaVA (63.20%) and
9



Pathology VLM

g What does this image show? Generating captions

The image displays a histological section of renal tissue stained with Masson's I J*
trichrome, which highlights fibrosis in blue, cytoplasm in red, and nuclei in dark
purple. The section shows multiple glomeruli, some of which appear sclerosed

with significant blue staining indicating fibrosis. The surrounding tubular

structures exhibit varying degrees of damage and cellular infiltration. There is
noticeable interstitial fibrosis and tubular atrophy, as evidenced by the

extensive blue staining in the interstitial areas. The overall architecture of the
kidney tissue is disrupted, suggesting chronic injury or disease.

Open-set VQA

~ What shows fibrosis in this trichrome stain?

The blue area Q

@)

/= Whatis shown (bottom right)?

An artery showing prominent arteriosclerosis Q

/< Whatdo interstitial fibrosis and tubular atrophy result from?

Arteriosclerosis of arteries and arterioles in a chronically rejecting kidney :Q
allograft

. ) ) ) Closed-set VQA
~~ What staining was used to visualize the image?

A: Crystal Violet

B: Hematoxylin and eosin
C: Giemsa stain

D: Methylene blue

B:Hematoxylin and eosin g

30
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clinically significant errors.

*  The study aimed to develop and evaluate a cutting-edge Al system named Flamingo-CXR for automatic radiology report
generation from chest X-rays (CXR). The primary objective was to assess the clinical quality of Al-generated reports, both as
standalone outputs and in collaboration with radiologists, and to compare them to human-written reports.

/° Model: Fine-tuning the Flamingo vision-language model on two large deidentified datasets — MIMIC-CXR \
(from the U.S.) and INDI1 (from India).
* Evaluation Framework:
1. Pairwise Preference Test: Certified radiologists compared Al-generated reports with human-written ones
and indicated preference or equivalence.
2. Error Correction Task: Radiologists reviewed and edited reports (either Al or human-written) to identify

natural language generation metrics (BLEU, ROUGE, CIDEr).

Flamingo-CXR achieved:
CheXpert FI: 0.519
RadGraph F1: 0.205 (Both metrics showed ~33% improvement over previous state-of-the-art).
In 77.7% of IND1 cases and 56.1% of MIMIC-CXR cases, the Al reports were rated as equivalent or superior to human
reports by at least half of the radiologists.
In 94% of normal IND1 cases, Al reports were considered as good as or better than human reports.
* Both Al and human-written reports contained errors, but many were non-overlapping, suggesting complementary

\° Metrics: Performance was measured using clinical metrics like CheXpert F1 and RadGraph F1, along with /

cvv o)

strengths.
* In a collaborative setting, clinician-Al reports outperformed standalone Al reports:
\\> 71.2% (IND1) and 53.6% (MIMIC-CXR) of such reports were pretferred or deemed equivalent. /

~

4 Flamingo-CXR demonstrates strong potential in generating radiology reports that are clinically useful, particularly in
normal cases. The model's performance improves further when used in collaboration with clinicians, underscoring its
value as an assistive tool rather than a replacement. This study highlights the importance of human-Al synergy and sets

L@ benchmark for future Al applications in clinical radiology. )
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d Examples

No. of votes

crowding of the bronchovascular structures with probable mild
pulmonary vascular congestion. No pleural effusion or
pneumothorax is identified. IMPRESSION: Low lung volumes
with mild pulmonary vascular congestion.

limitations of technique.
IMPRESSION: Mo evidence of acute disease.

Image Clinician's report ‘% Al report @ for -] Preference reasons
For Al report:
FINDINGS: Basilar opacity seen on the lateral view best - No definite retrocardiac opacity
corresponds to a retrocardiac opacity suspicious for developing left FINDINGS: Lung volumes are low, accentuating the cardiac identified, so | chose report B.
lower lobe pneumonia or aspiration event in the setting of altered silhouette and bronchovascular structures. With this - More accurate.
mental status. Chronic peribronchiolar opacities seen bilaterally are limitation in mind, there are no definite new areas of - Findings are consistent with the
similar in distribution and slightly more apparent due to lower lung consolidation to suggest the presence of pneumonia. 41( 4 radiograph.
volumes and AP technique. There is no pleural effusion or !f clinical suspicion persists, repeat radiograph with improved - 1 feel that labeling a left lower lobe
pneumothorax. The heart size is normal with normal inspiratory level may be helpful for more complete pneumonia/aspiration is
cardiomediastinal silhouette. IMPRESSION: Left lower lobe opacity assessment of the lung bases. overenthusiastic in the limited setting
likely reflects pneumonia or aspiration. and if there is a clinical suspicion
then a repeat radiograph is warranted.
For Al report:
FINDINGS: The patient is status post median sternotomy - [Radiologist’s] Report does not
and CABG. A right internal jugular central venous catheter mention post-sternotomy status.
FINDINGS: Portable AP chest radiograph demonstrates worsening tip terminates at the junction of the SVC and right atrium - Findings are consistent with
bilateral pleural effusions and associated atelectasis, greater on the No pneumothorax is identified. Moderate to large layering radiograph.
right. There is also worsening pulmonary vascular congestion. bilateral pleural effusions are again demonstrated, slightly
There is no pneumothorax. Right internal jugular catheter probably larger on the right and slightly improved on the left. Bibasilar 2/4 For clinician's report:
terminates in the right atrium. IMPRESSION: Worsening pulmonary airspace opacities likely reflect atelectasis. - Right 1 line likely terminates in
edema and bilateral pleural effusions. Results were relayed to __, IMPRESSION: Right internal jugular central venous catheter the right atrium so | chose report X.
PA-C by phone at approximately 6:00 p.m.on __. tip at the junction of the SVC and right atrium. Pulmonary findings in reports are similar.
No pneumothorax. Moderate to large layering bilateral - More concise. Both fail to mention
pleural effusions and bibasilar atelectasis. small lung volumes and chin flexed
significantly limiting exam.
FINDINGS: Low lung volumes are present. This accentuates the For chnr-;:an’s report:_
size of the cardiac silhouette which is likely mildly enlarged. FINDINGS: The heart is mildly enlarged. The mediastinal and ~SERO0 & sy et gulancas .
Mediastinal and hilar contours are likely within normal limits. hilar contours are unremarkable. There is no pleural effusion i Frﬂbab,le il pulrnonar*_,' vasoular
& right brachiocephalic venous stent is re-demonstrated. There is ithi congestion as suggested in report /
g p or pneumothorax. The lungs appear clear within the 0/4 Also report mentions right

brachiocephalic venous stent.

- | agree with the report findings of

mild vascular congestion.

- Describes the positive findings in detail.
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* To develop EchoCLIP, a vision-language foundation model for echocardiogram interpretation that can
understand and match cardiac ultrasound images with expert cardiologist reports without task-specitic training.

/

Dataset: 1,032,975 echocardiogram videos from 224,685 studies across 99,870 patients, collected oveﬁ
a decade at Cedars-Sinai Medical Center.

Architecture:

Image encoder: ConvNeXt.

Text encoder: Transformer-based decoder (CLIP-style).

Training Strategy:Trained via self-supervised learning using paired image-text data.

Evaluation: Performance tested internally and on external datasets (EchoNet-Dynamic), with

classification (AUC) and regression (MAE) metrics, image-text retrieval (MCMRR), and interpretability
analyses (PromptCAM and UMAP).

TR N

~

High accuracy in identitying cardiac devices (AUC up to 0.97).

Left ventricular ejection fraction (LVEF) predicted with 7.1% MAE on external data.

Strong performance in image-text retrieval, patient identification, and tracking clinical changes.
Interpretability through PromptCAM showing relevant image-text associations.

/

EchoCLIP effectively performs multiple echocardiographic tasks without dedicated training, offering a
scalable tool for automated cardiac imaging interpretation. It could enhance clinical decision-making,
especially in underserved settings. Future work will include video-based encoding and multi-view

analysis.
Y Y,

~
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* The aim of this study is to develop a transformer-based model for Visual Question Answering (VQA) in the

medical imaging domain. The model is designed to generate accurate, informative answers to questions posed
about medical images, ultimately supporting and enhancing clinical diagnosis.

/' The proposed architecture is an encoder-decoder transtformer model:

> Visual features are extracted using the Vision Transformer (ViT).

> Textual features from the question are encoded using a BERT-like language transformer.

» The visual and textual embeddings are concatenated and passed into a multi-modal decoder
that generates the answer autoregressively.

\\> The model is trained and evaluated on two datasets: VOA-RAD and PathVQA.

~

/

* VQA-RAD: Closed-ended accuracy: 84.99%, Open-ended accuracy: 72.97%, BLEU-1: 71.03%
* PathVQA: Closed-ended accuracy: 83.86%, Open-ended accuracy: 62.37%, BLEU-1: 61.78%

which is more challenging.

* The model outperforms existing state-of-the-art methods, especially in open-ended question answering,

~

/

The proposed transformer-based VOA model demonstrates strong performance on two benchmark
medical VQA datasets. It effectively integrates vision and language inputs to generate accurate answers.
Future work includes improving performance through data augmentation and exploring more advanced
multi-modal transformer architectures.

~




Questions Answers
Questions Answers
\What does ischemic injury show? surface blebs
What modality is used to take this image? XA Does early ischemic injury show surface blebs, increase eosinophilia of cytoplasm, and Yes
Are the costophrenic angles blunted? NO swelling of occasiona! cells?
) ! \ ‘ early (reversible)
Is there any blunting of the costophrenic angle(s)? NO What is thowing increased eosinophdia of cytoplasm, and sweling of occasional cells? lschemic injusy
Do you see cardiomegaly? NO Did eatly (reversible) ischemic injury intrease eosinophia of cytoplasm, and swelkng of NO
occasional cells?
Is there cardiomegaly present? NO
Questions Answers
Questions Answers
What organ system is evaluated primarily? Gl
What kind of scan is this? cr What are abundant within surface mucus? organisms
What does nodular liver suggest? Cirrhosis What are organisms abundant within? surface mucus
What causes hyper intensity in aorta? Atherosclerotic calcification Are organisms abundant within surface mucus? YES
Is the aorta size abnormal? NO Are iron deposits shown by a special staining process abundant within NO
surface mucus
Questions Answers Questions Answers
Is the cerebellum visible? NO What are prominent? intraepithelial and lamna propria neutrophils
Is this a MRl image? Y
A e e Are intraepithelial and lamina propria neutrophils prominent? YES
In which lobe is the enhancement? Right frontal lobe Are histologi appearance in active takayasu aortitis Sustrating NO
Are there fractures on the skull? NO destruction and fibrosis of the arterial media prominent?
What is the plane of this image? Axial

VQA-RAD images, questions, and answers. PathVQA images, questions, and answ

38
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