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Why Biomedical Image Analysis Matters

36 B|"|0n o Manual image interpretation is time-

Diagnostic imaging procedures performed globally consuming, subjective, and prone to inter-

each year (WHO, 2023) observer variability.

>17,000 (@ Al offers faster, consistent, and scalable
diagnostic support, especially for under-

Projected shortage of radiologists in the U.S. resourced settings.

by 2030 (ACR Report)

FDA has cleared >950 Al-enabled algorithms by
mid-2025, making radiology the top Al
application in healthcare.

«

30%

Disagreement rate between expert readers on
complex cases
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The Landscape of Biomedical Imaging Modalities

MODALTY

PHYSICAL PRINCIPLE

TYPICAL APPLICATIONS

KEY CHALLENGES FOR Al

X-Ray / CT

MRI

Ultrasound

PET / SPECT

Histopathology

Fundus / OCT

3/2/2026

lonizing radiation
attenuation

Nuclear magnetic
resonance

High-frequency
sound waves

Radiotracer
metabolic uptake

Light microscopy of
stained tissue

Optical imaging of
the retina

Chest pathology, bone
fractures, lung nodules

Brain tumors, cardiac

function, musculoskeletal

Fetal imaging, cardiac
echo, liver lesions

Oncology staging,
neurodegeneration
tracking

Cancer grading, tumor
microenvironment

Diabetic retinopathy,
glaucoma, AMD

Low contrast for soft
tissue, 3D reconstruction

artifacts
X- Ray MRI/fMRI Nuclear Ultrasound

S =
J 15:3\ Aﬁ.

Long acquisition times,
multi-sequence
heterogeneity

Speckle noise, operator
dependency, shadowing

Sound Waves

. A XeRays Magnetic Spin  Metabolic Radiotracer
Low spatial resolution,
anatomical co-

registration

Gigapixel whole-slide
images (WSI), stain
variability

Domain shift across
devices, image quality
issues
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Images as Numerical Tensors
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« Adigital image: L f(x, )

» Properties:
» Resolution: spatial dimensions
 Bit depth: intensity precision
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Image segmentation

> I — aj . .
« Segmentation = pixel-wise classification yz] f@( )7’]
 Definition: Label each pixel in the image with a category label
* Do not differentiate planes/instances, only care about pixels

The process of medical image segmentation can be divided
into the following stages:

1. Obtain medical imaging data set
2. Preprocess the images

3. Use appropriate medical image segmentation method
4. Performance evaluation

3/2/2026
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Image masks as ground truth for segmentation task

- Image Mask: gy € {0, 1}V

 Used for:
« Segmentation / Loss calculation / Performance evaluation

CETI DWI

T2
N - & ""
(A) Raw MRI images;
- ' | el BESeS  (B) cervical cancer annotations drawn
. = (C) cropped MRI images overlapped
, X ' > with tumor annotations
@ ¢ (D) cropped binary masks with tumor

regions
Examples of MRI and mask preprocessing.

3/2/2026
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Image segmentation evaluation metrics

Evaluation metrics
* Dice is particularly useful when foreground objects are small relative to background.

predicted |
21X NY]|
Diced index = X ” 2xarea of
overlapped
‘ ‘ * | ‘ Dice _ v(gfeg"‘)) = e
Coefficient |
2TP bl ' |
= 2TP + FP + FN nd
IANB,
Jaccard Index  Jaccard(A,B)=——— =TP /(TP + FP + FN)
IAUB|

3/2/2026 8



Gerstein Lab Yale

Image segmentation

Traditional methods
* Thresholding

» Edge detection

* Region growing

Limitations

» Sensitive to noise

* No global context

« Cannot learn high-level features

3/2/2026 9
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Image segmentation

* Deep learning based method - FCN

FCN adapting classifiers for dense prediction

forward /inference

backward/learning ,g\\\\‘
} o
]
( H [ [r. ==
3 © 00 21
G o2h 150 88 0
15°
21

Figure 1. Fully convolutional networks can efficiently learn to
make dense predictions for per-pixel tasks like semantic segmen-
tation.

(c) Segmentation (axial)

Roth, Holger R., et al. "Deep learning and its application to medical image segmentation." Medical Imaging Technology 36.2 (2018):
3/2/2026 63-71. 10
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Encoder—Decoder Architecture

* The encoder learns a representation of the image.

\/

neural network neural network
encoder decoder

_— \X

(=d(z)

loss = ||x-X|2= [|x-d@)|? = || x-d(e()]|]

3/2/2026 11



Gerstein Lab Yale

Encoder—Decoder for Segmentation (U-Net)

U-Net's Encoder-Decoder Design Remains the Architectural Backbone of Medical Image Segmentation

input 1
image & » > >
tile

output
segmentation

{d " Loss function:

- N oTP
1ce =
TP + FP + FN

=» conv 3x3, RelLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
= conv 1x1

Encoder Contracting path with convolution + max-pooling to extract hierarchical features.

Bottleneck Captures the most abstract, semantically rich representation of the image.

Decoder Expanding path with up-convolutions to restore spatial resolution.

Skip Connections Concatenate encoder features to decoder layers to preserve fine-grained spatial details.
Skip connections preserve high-resolution spatial information lost during pooling.

3/2/2026 . . . . . . 12
Ronneberger, O., Fischer, P., & Brox, T. (2015). U-Net: Convolutional Networks for Biomedical Image Segmentation. Springer.
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Encoder for Feature Representation

Instead of predicting masks, we extract features: 2 = fg (zl:)

These embeddings can:
» Classify / Cluster / Retrieve similar images

Phase 1: Tagging Images with Deep Pretrained Features

Deep Pretrained
Database S — Phase 3:

of images Classification

—p o
e

Majority
Vothg

3 r“’ﬂmMﬁ : "
: DenseNet d -
: . Search ;
: | 121 i Topk
: ' Deep . similar images
i Pretrained :
Features

3/2/2026 Sze-To, A., Riasatian, A. & Tizhoosh, H.R. Searching for pneumothorax in x-ray images using autoencoded deep features. Sci Rep 11, 9817
(2021). https://doi.org/10.1038/s41598-021-89194-4
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Deterministic Prediction vs Probabilistic Modeling

Discriminative Models Generative Models
Learn mapping X —y « Learn distribution of data
Foaus on decision boundaries « Model what “normal” looks like
«  Used for segmentation & dassification « Can generate or detect anomalies
«  Bample: U-Net « Example: VAE
p(y | x) p(x) or p(x | y)

Deterministic representation vs probabilistic representation.

3/2/2026 14
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Variational Autoencoder for image generation and
abnormality detection

Encoder

E Decoder

Compressed vector

Input image Reconstructed image

3/2/2026 Image adopted from https://medium.com/@anthony.demeusy/ai-for-medical-imaging-detecting-anomalies-with-variational- 15
autoencoders-d6fb37fdbc36
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Autoencoder vs. Variational Autoencoder

Encoder Decoder
Network - - Network
(conv) (deconv)

latent vector / variables

mean vector

sampled
latent vector

A

Encoder — Decoder

Network Network
N ”

(conv) (deconv)

standard deviation
vector

3/2/2026 https://kvfrans.com/variational-autoencoders-explained/ 16
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Variational Autoencoder explained

i i
yA
encoder s decoder
o
eg(x) . dy(2)
reconstruction loss = ||z — &||2 = ||z — dg(2)||, = ||z — dg (e + 02€) |,

Uz, 0r = €g(z), €~ N(0,I)
similarity loss = KL Divergence = Dy (N (pz,02) || N(0,1))

loss = reconstruction loss + similarity loss

* KL regularizes the latent space to follow a known prior, enabling sampling and interpolation.

3/2/12026 Image adopted from https://towardsdatascience.com/difference-between-autoencoder-ae-and-variational-autoencoder-vae- 17
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VAE — Reparameterization trick

encoder = N decoder

eo(z) = BT L dy(2)

The sampling step z ~ N(ux, Ox) is a stochastic operation with no defined gradient,
blocking backpropagation through the network.

3/2/2026 Image adopted from https://towardsdatascience.com/difference-between-autoencoder-ae-and-variational-autoencoder-vae- 18

ed7belc038f2/



Gerstein Lab

VAE — Reparameterization trick

M
X he(x) » U+ O€E >z fo(2) » x'
Nb A
> oo
=
N(O,I)~ | e

The reparameterization trick moves randomness out of the network

Instead of sampling z directly, we sample € ~ N(0O,1) externally and compute z
= 1 + og, making the path through p and o fully differentiable.

3/2/2026 19
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Anomaly detection on chest X-ray using VAE

Original Image VAE Reconstruction Reconstruction Error

Normal

Abnormal

Nakao, Takahiro, et al. “Unsupervised Deep Anomaly Detection in Chest Radiographs.” Journal of Digital

Imaging, 8 Feb. 2021, https://doi.org/10.1007/s10278-020-00413-2, Accessed 10 Nov. 2024.

3/2/2026 20


https://doi.org/10.1007/s10278-020-00413-2.
https://doi.org/10.1007/s10278-020-00413-2.
https://doi.org/10.1007/s10278-020-00413-2.
https://doi.org/10.1007/s10278-020-00413-2.
https://doi.org/10.1007/s10278-020-00413-2.
https://doi.org/10.1007/s10278-020-00413-2.
https://doi.org/10.1007/s10278-020-00413-2.
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MRI, VAE reconstruction and reconstruction error

Original Image VAE Reconstruction Reconstruction Error

Multiple
Sclerosis

Multiple
Sclerosis

Glioblastoma

Baur, Christoph, et al. “Autoencoders for Unsupervised Anomaly Segmentation in Brain MR Images: A Comparative Study.” ArXiv:2004.03271
[Cs, Eess], 8 Apr. 2020, arxiv.org/abs/2004.03271. Accessed 10 Nov. 2024.
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Multimodal Al: Integrating Imaging with Genomics

*  Vision transformers can map whole-slide images to predicted RNA-seq profiles. [1]
* Deep models can predict gene expression, mutations, and pathway activity directly from whole-slide images.

\

wsli SEQUOIA model spatial visualization spatial validation cohort
3 I high =z
- predicted RNA-Seq b o = ookl
(¢ >— B HNR -1 p 'ﬂ transcriptomics
S 110 slides
] ' 2 cancers
= I low
bulk RNA-Seq cohorts & modeldev. & independent cohort well-predicted genes: analysis and clinical features
g
- @ P process a 2
= TCGA = CPTAC = TEMPUS process b 8
7,584 slides 1,081 slides 287 slides g
16 cancers 7 cancers 1 cancer process z §
neg logP = days
* Cross-modal fusion models integrate CNN image features with genomic embeddings. [2]
* Morphology encodes molecular state.
Tensor Fusion
h; ®h,
i O—
i _of
Whole
Slide Image
h, ® h,

—'_O'TO_’ ®_‘ hfusiou = hi ® hn ® hg

™~

7

10

§" Grading
H Patient Stratification

t—( — @, Treatment Response

0'1 é Treatment Resistance
g
& A
Gating-Based " Time (yers)
Genomic Profile Feed-Forward Network Attention Mechanism Survival Prediction
3/2/2026 (1] Pizurica M. Digital profiling of gene expression from histology images with linearized attention. Nat Commun. 2024 29

[2] Richard C. Fusion: An Integrated Framework for Fusing Histopathology and Genomic Features for Cancer Diagnosis and Prognosis. IEEE TransMed Imaging. 2023
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Multimodal Al: Integrating Imaging with Text

» Pathology text-image data pair from Twitter (X)
* Contrastive learning aligns image and text embeddings in a shared latent space.

Small infiltrative-looking glands with crystal- Step 1
loid secretions are suspicious for prostatic adeno- R @

carcinoma. /
Text encoder @ @
Nevoid melanoma with atypism, poor maturation l l l l l @ @/

and dermal mitoses.

Herd of trichomonads set on a squamous epithe-

lial cell. —> ey 1 -T, |- Ty g ate LT,
Training

!-,.';* o o R ‘|n V »‘?ﬂ i — |, LTy hpeTy lyeTg oo ke T,
e TORE A ChesamE - e
b =-_- R 1’ i 2 “3 — b Ty 5eT, B .. 50T, Siepk @ @
’ :,, !,ﬁ-m Pty )-"a N Image encoder “@
? e?ﬁiff "?f <X F"!‘" : — : : : I @5
B ‘(‘)’ ry .I £ oA , 7 u : I®

SRR ,&u Ly by Ty LTy BTy e eT, @

Huang Z, Bianchi F, Yuksekgonul M, Montine TJ, Zou J. A visual-language foundation model for pathology image analysis using

medical Twitter. Nat Med. 2023 Sep;29(9):2307-2316. doi: 10.1038/s41591-023-02504-3. Epub 2023 Aug 17. PMID:
37592105.
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From Pixels to Probability to Multimodal Learning

Segmentation

Y

Classification

Representation

3/2/2026 24
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Key Takeaways

* Medical images are high-dimensional tensors

« Segmentation = structured pixel prediction

 Latent space = learned representation of data structure.
 Discriminative models answer: What is this?

» Generative models answer: What does this look like?

» Multimodal Al connects morphology to molecular phenotype
through shared representation learning.

3/2/2026 25
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