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CHAPTER 1

Introduction

1.1 Overview

Clinical visits of a single patient might produce digital data in multiple modalities, including image data (i.e.,
pathological images, radiological images, and camera images) and non-image data (i.e., lab test results and
clinical data). The information provided by a single modality may be limited to understanding and analyzing
the complex diseases and patient status, while the multi-modal data across departments (e.g., radiology,
pathology, lab) would provide information from different views of the same patient to assist better support
various clinical decisions (e.g., disease diagnosis, prognosis, treatment planning) Comfere et al. (2015);
Ozturk et al. (2021); Doherty et al. (2013).

Multimodal learning tends to achieve more robust and precise clinical decisions with complementary
and shared information compared with unimodal learning. However, such decision-making procedures by
human experts can be subjective, and qualitative, and exhibit large inter-subject variabilities Whiting et al.
(2004); McDonald et al. (2015).With the rapid development of arti cial intelligence technologies, an increas-
ingly large amount of machine learning-based solutions have been developed for multi-modal learning in
healthcare applications. From large-scale multi-modal clinical data, today's deep learning methods are able
to extract and model complicated information across different modalities and lead to more holistic clinical
decisions Piccialli et al. (2021); Gao et al. (2020).

Historically, many deep learning-based approaches have achieved great success by only using a single
modality to make a diagnosis or prognosis Deng et al. (2020); Solares et al. (2020); Aggarwal et al. (2021).
However, fusing the multi-modal data effectively is not a trivial task in methodological design because differ-
ent clinical modalities may contain different information (complementary information of a subject) and have
different dimensionalities. For example, 2D giga-pixel pathological images provide micro-level morphol-
ogy for a tumor while the 3D CT/MRI radiological images offer macro-level and spatial information of the
same tumor. First, the heterogeneous formats require different unimodal preprocessing and feature extraction
methods. Second, stable fusion methods are desired to fuse the complementary, collaborative and shared
information from different modalities, so as to render better clinical suggestions.

However, there are still many challenges and open questions in multimodal machine learning that re-
quire more attention and explosion. For examglg,Missing data: Commonly, not every patient has all

modalities available which requires the fusion method to be robust to missing modéfji€ata scarcity:



limited by the dif culties of achieving well-annotated multi-modal data, how to learn from both small-scale
well-characterized data and large-scale wild clinical data effectively and ef ciently is an unsolved question.
(3) Fusion algorithm: how to select the suitable multimodal fusion method is still an open question since
the optimal fusion method can be task and data-dependent.

In our work, we start with unimodal learning, and then improve the model performance on medical appli-
cations by integrating other modalities. Further, we attempt to explore the challenging problem of multimodal
learning to improve the robustness, ef ciency, and accuracy of the proposed models. This chapter introduces
82 medical data modalities, 83 unimodal learning, 84 multimodal learning, 85 challenges in multimodal
learning, 86 clinical applications of multimodal learning, §7 Structure of the Thesis. For the rest chapters of
this proposal, we dive into the details of unimodal learning, multimodal learning of medical data and their

applications, and conclude by contributions and future directions.

Figure 1.1: Types of different medical modalities, containing image data (e.g., radiological images and patho-
logical images) and non-image data (e.g., genomic data and clinical data) used for different tasks (e.g., seg-
mentation, classi cation and regression) with unimodal learning and multimodal learning.

1.2 Medical Data Modalities

Medical modalities can be categorized as image modalities and non-image modalities. As shown in Fig-
ure 1.1, common Image data contains pathological images (H&E, MxIF), radiological images (CT, MRI,
X-ray, fMRI), and camera images (clinical images, macroscopic images, dermatoscopic images); and com-

mon non-image modalities such as lab test results (genomic sequences and phycological single data) and



clinical features (free-text reports and demographic data). In this section, we brie y introduce these data

modalities and summarize the corresponding data preprocessing and feature extraction methods.

1.2.1 Image Data

1.2.1.1 Pathological images

Pathological images analyze cells and tissues at a microscopic level, which is recognized as the “gold stan-
dard” for cancer diagnosis Gurcan et al. (2009). Yet, the whole slide image (WSI) of pathological images
usually cannot be processed directly because of its gigantic size. To focus on the informative regions, the re-
gions of interest (ROI) are usually de ned at rst. Some studies use the diagnostic ROIs manually annotated
by experts or predicted by the pretrained models Mobadersany et al. (2018); Wang et al. (2021c); Li et al.
(2020), while some studies instead de ne the ROIs from the foreground or dense region based on pixel inten-
sity Lu et al. (2021b); Cheerla and Gevaert (2019). If the ROIs are still too large to process directly, image
patches are usually cropped from the ROIs to t the computation memory. To learn hidden representation
from image patches, pretrained convolutional neural networks (CNN) or graph neural networks (GCN) Chen
et al. (2020) chen2020pathomicare commonly used deep learning-based methods, while some other works
use conventional feature extraction methods (e.g., CellPro ler Carpenter et al. (2006)) to extract structured
features Yao et al. (2017); Wang et al. (2021c). If only the WSI-level label is provided, multi-instance learn-
ing (MIL) can be applied to aggregate the information of patches in bags for WSI pathological image Yao

et al. (2020); Li et al. (2021a).

1.2.1.2 Radiological images

Radiology imaging supports medical decisions by providing visible image contrasts inside the human body
with radiant energy, including magnetic resonance imaging (MRI), computed tomography (CT), positron
emission tomography (PET) and X-ray, etc. Similar to pathological images, some works used manual anno-
tation or pretrained networks to extract ROIs. As for feature extraction, some used conventional radiomics
methods to extract the intensity, shape, and texture features, while more works used 2D or 3D CNNs to learn
image representations. Functional MRI (fMRI) is another radiological modality. It is an important modality

in the research of autism spectrum disorder (ASD) and Alzheimer's disease (AD). In these related works [22],
[23], the images of brains can be divided into multiple regions by the template. Then, the Pearson correlation
coef cient between two brain regions is calculated to form the functional connectivity matrix. The matrix is

nally vectorized for classi cation.



1.2.1.3 Camera Images

In addition to pathological and radiological images, some other kinds of medical images captured by optical
color cameras are categorized as camera images; examples of these camera images include the dermoscopic
and clinical images for skin lesions Yap et al. (2018); Kawahara et al. (2018), endoscopic images to examine
the interior of a hollow organ or cavity of the body Zhang et al. (2021b), and the funduscopic images pho-
tographing the rear of eyes Date et al. (2019). Different from pathological images, camera images can be
taken directly while the sectioned and stained sample slides are not required. Also, because camera images
are smaller in size, 2D CNN networks (which might be pretrained by ImageNet) are usually applied to the

whole images or detected lesions.

1.2.2 Non-image Data

The non-image modalities contain lab test results and clinical features. Laboratory tests check a sample of
blood, urine, or body tissues, access the cognition and psychological status of patients, and analyze genomic
sequences, etc. Clinical features include demographic information, treatment records, monitor signals, clini-
cal reports, etc. These modalities are also essential to diagnosis and prognosis in clinical practice. They can
be brie y divided into structured data, single data and free-text data for different preprocessing and feature

extraction methods.

1.2.2.1 Structured data

Most of the clinical data and lab test results in the reviewed works are structured data and can be converted
to feature vectors easily. In preprocessing, categorical clinical features are usually converted through one-hot
encoding, while the numerical features are standardized. As the genomic data are in high dimension, some
feature selection methods such as the highest variance McDonald et al. (2015) are used to extract the most
expressive features. The missing value is a common problem for some structured data. The ones with a high
missing rate are usually discarded directly, while the other missing data were imputed with the average value,
mode value, or values of similar samples selected by K-nearest neighbors (KNN), and some works added

missing status as features Cui et al. (2021b).

1.2.2.2 Signal data

Wearable or implantable sensors can monitor and record the multi-channel biological signal from the hu-
man body, which may be able to support diagnostic decisions, treatment monitoring, and drug ef cacy, etc
Athavale and Krishnan (2017); Faust et al. (2018). Prior to feature extraction, the unwanted artifacts should be

removed, the lters are used to extract the target signal, and the signal are normalized. Then, the single/multi-



channel signal can be converted to intensity vectors and processed by CNN, Deep Belief Network (DBN),
RNN and LSTM Faust et al. (2018). Besides, some manual features can also be extracted by standard meth-

ods Y Idrm et al. (2018).

1.2.2.3 Free-text data

Clinical reports capture clinicians' impressions of diseases in the form of unstructured text. To deal with
the free-text data and extract informative features from the free-text, natural language processing techniques
are implemented. For example, Chauhan et al. (2020) prepare the tokenization of the text extracted by
SciPy Neumann et al. (2019b). Then, the BERT Kenton and Toutanova (2019) model initialized by weights

pre-trained on the scienti ¢ text Beltagy et al. (2019) is used to embed the tokenization.

1.3 Unimodal Learning

In the past decades, many works have achieved great success in machine learning using a single modal-
ity Deng et al. (2020); Solares et al. (2020); Aggarwal et al. (2021). Understanding unimodal learning would
be helpful to multimodal learning. For example, the representation learned from unimodal models can be
used in the early or intermediate fusion of multimodal learning; The prediction results of unimodal mod-
els can be used in the late fusion of multimodal learning. In addition, some techniques well developed in

unimodal learning can be adapted to multimodal learning.

1.3.1 Conventional Machine Learning

Conventional machine learning usually uses pre-de ned or pre-learned features instead of the original data
itself to train a model with much fewer parameters than deep learning. SVM, random forest, and logistic
regression are common models in conventional machine learning. Compared with deep learning, it usually
has a simpler structure, lower cost of computation, better explainability, and may require less training data Yap
et al. (2018). To further avoid over tting, supervised methods such as recursive feature elimination (RFE),
ridge regression and Pearson's correlation and unsupervised methods such as principal component analysis
and autoencoder can be used. Although the simple structure and pre-extracted feature with prior knowledge
may limit the performance of conventional machine learning for some complex problems, it is suf cient and

preferred in many application problems, especially when the dataset is not large.

1.3.2 Deep Learning Methods
Deep learning technique has been fast developing in the past decades and has achieved SOTA in many medical
applications Suganyadevi et al. (2022). It is capable of learning from original data and capturing the complex

relationship with the powerful abstraction ability. The mechanism and topology of deep learning methods can



have a signi cant impact on the prediction performance. Different network structures are more appropriate
for a particular data type Ahmedt-Aristizabal et al. (2021). For example, a fully connected neural network can
be used for tabular clinical data and manually extracted feature vectors. Convolutional neural networks are
able to model the spatial structure of image data or DNA sequences. Recurrent neural networks are suitable
for longitudinal medical data by encoding the status based on the information of previous steps. Graph neural
networks can aggregate information from non-grid connections, which has been applied to the learning of
cell graphs Ahmedt-Aristizabal et al. (2021); Zhou et al. (2020). More recently, transformer models exhibit
promising performance in processing sequential data, text, images and videos Lin et al. (2022); He et al.
(2023). Using transformers to understand the chains of genes in DNA, processes the radiomics report and
pathology images, etc., are fast-growing directions in the medical domain Le and Ho (2022). Deep learning
methods have impressive performance, but it require large datasets and labels and lack interpretability. These
are practical problems of deep learning application in the medical domain and attract the attention of many

researchers.

1.3.3 Weak Supervised Learning

Weak supervision is used for learning with noisy, limited or imprecise labels. It decreases the cost of annota-
tion and exploits the available labeled data for training. Some methods have shown promising performance
in medical applications. For example, CLAM Lu et al. (2021b) used attention-based method to automatically
recognize the diagnostic region and classify the pathological WSI precisely, with only the WSiI-level label
available. Cheng et al. (2022) used self-training and uncertainty techniques to generate reliable synthetic la-
bels for unlabeled radiology images. The performance of the model trained by data with synthetic labels

surpassed the model trained by labeled data only.

1.3.4 Unsupervised Learning
Unsupervised learning explores the data information without any labels of target tasks. Self-supervised learn-
ing, as an unsupervised learning method, aims to learn feature representation through the auxiliary pretext
tasks with labels de ned by the data itself, such as reconstruction, cutout, rotation, etc. Especially, contrastive
learning achieves a lot of success these days Azizi et al. (2021); Krishnan et al. (2022). The informative repre-
sentation from these self-supervised encoders can improve the data-ef ciency and performance of supervised
downstream tasks He et al. (2023).

In addition to self-supervised learning, clustering is a common method of unsupervised learning. It aims
to divide the data into subgroups with maximized intro-group similarity and minimized inter-group similarity.

Through describing and revealing the hidden structure of the objects, clustering is widely used to discover



and analyze the subgroups of patients and diseases Wang et al. (2020); Shomorony et al. (2020).

1.4 Multimodal Learning

Integrating the heterogeneous information from different modalities to effectively boost multi-modal perfor-
mance is the key pursuit in multi-modal learning. With the complementary and shared information from
different modalities, multimodal models are expected to outperform the unimodal models. Based on the type
of inputs for multi-modal fusion, the fusion strategies can be dividedeatty fusion, intermediate fusion,

andlate fusion Huang et al. (2020a); Lipkova et al. (2022).

1.4.0.1 Early Fusion and Intermediate Fusion

For early fusion, the feature vectors of different modalities are integrated for fusion. The features can be
either learned or manually extracted features, or the data itself, but they cannot be updated in the fusion stage.
Since the learned unimodal embedding and fusion can be trained separately, early fusion is computationally
ef cient. As for intermediate fusion, which is also known as joint fusion, the unimodal features used for
fusion are learned features, and they can be used to update the unimodal features. In the intermediate fusion,
features can be gradually fused at different levels or at once Joze et al. (2020); Karpathy et al. (2014). And
the unimodal embedding can be adjusted according to the multimodal context. For example, Li et al. (2021b)
proposed to use gene data. to guide the pathology features extraction through the intermediate fusion, which
is motivated by the correlation of genes to certain kinds of pathology characteristics. Both the early fusion and
intermediate fusion are the fusion of features. There are various methods to fuse features. We categorize them
into operation-based, subspace-based, attention-based, tensor-based, and graph-based methods. 1) A com-
mon practice is to perform simple operations of concatenation, element-wise summation, and element-wise
multiplication El-Sappagh et al. (2020); Zhou et al. (2021); Lu et al. (2021a); Yan et al. (2021); Mobadersany
et al. (2018); Vale Silva and Rohr (2020); Holste et al. (2021a); Zhou et al. (2019); Yap et al. (2018). 2) The
subspace methods aim to learn an informative common subspace of multi-modality. A popular strategy is
to enhance the correlation or similarity of features from different modalities Li et al. (2020); Cheerla and
Gevaert (2019); Chauhan et al. (2020); Yao et al. (2017). Another strategy in the subspace-based fusion
method is to learn a completed representation subspace Lee and Van der Schaar (2021); Wu and Goodman
(2018); Zhang et al. (2019); Ghosal et al. (2021). 3) Attention-based methods computed and incorporated the
importance scores (attention weights) of multi-modality features when performing aggregation Duanmu et al.
(2020); Schulz et al. (2021); Li et al. (2021b); Chen et al. (2021b); Yang et al. (2019); Guan et al. (2021);
Polsterl et al. (2021); Cui et al. (2021b); Chauhan et al. (2020). This progress simulated routine clinical

practice. For example, the information from clinical reports of a patient may inform clinicians to pay more



attention to a certain region in an MRI image. 4) The tensor-based fusion methods conducted outer products
across multi-modality feature vectors to form a higher-order co-occurrence matrix, such as the bilinear pool-
ing. The high-order interactions tend to provide more predictive information beyond what those features can
provide individually Chen et al. (2020); Wang et al. (2021c). 5) A graph is a non-grid structure to catch the
interactions between individual elements represented as nodes. For disease diagnosis and prognosis, nhodes
can represent the patients, while the graph edges contain the associations between these patients Parisot et al.

(2018); Cao et al. (2021).

1.4.1 Late Fusion

Late fusion is also referred to as decision fusion, the prediction results of separately trained unimodal models
(e.g., probability logits or categorical results from unimodal paths in classi cation tasks) are fused through
majority vote, average, weighted sum, etc., Wang et al. (2021b); Lu et al. (2021b). The decision-level fusion
is exible for any combination of modalities. If modalities are not dependent or complementary to each other,
the gain from feature-level interaction might be limited, so late fusion may be preferable for exibility and

simplicity.

1.5 Challenges in Multimodal Learning

1.5.1 Modality Missing

In multimodal learning, it is common that not every patient has all modalities available. 1) To solve the
modality missing problem in the training and testing phase, some methods have been proposed. For example,
modality dropout Cheerla and Gevaert (2019), modality synthesis Ma et al. (2021), multi-task learning Thung
et al. (2017), joint representation Wu and Goodman (2018); Zhang et al. (2019); Lee and Van der Schaar
(2021). 2) In a special case, some modalities are only available in the training phase but not testing phase,
co-learning strategies, such as knowledge distillation and mutual information maximization methods, can be
used to improve the performance of modalities available in the testing phase Liao et al. (2021); Xing et al.

(2022); Taleb et al. (2022).

« For the modality missing problem, we proposed to use the CPM-Nets Zhang et al. (2019) to deal
with the missing data problem in multi-modal (genomic and pathology) grade classi cation of glioma
tumors. And showed that the data using both complete and incomplete modalities at the fusion stage

can improve the prediction when the missing rate is large.

» We designed an effective and memory-ef cient multi-modal learning with missing data (MMD) pipeline Cui

et al. (2022c) for survival prediction tasks of glioma tumors using radiology images, pathology images,



genomic data, and demographic data. The dropout and reconstruction mechanisms were used to make

the network be robust to missing modalities.

1.5.2 Data Scarcity

Data scarcity is always a challenge in the healthcare area, and the situation of the multimodal data is only
worse. The multimodal learning may over t to the small multimodal datasets with low generalization abil-
ity Bach (2017); Mwangi et al. (2014). Transfer learning can reduce the requirement of the dataset with
pre-trained networks Galanti et al. (2016). Shari -Noghabi et al. (2019) used the transfer learning in fu-
sion strategies Shari -Noghabi et al. (2019). If the data scarcity is because of label scarcity, unsupervised
methods such as self-supervision can be applied to train the multimodal and unimodal models without labels.
Also, because the unimodal dataset is much larger than the multimodal dataset and is always easier to nd,
a more powerful unimodal prediction model or unimodal embedding may be helpful to multimodal fusion.
Further, some augmentation-based method Falcon et al. (2022); Xu et al. (2020) and feature space aligning
method Norelli et al. (2023) for unpaired data are also inspiring to explore. How to improve the multimodal

learning performance with large unimodal datasets is also an open question.

* In our proposed missing data (MMD) pipeline for the survival prediction task of glioma tumors, we
used the ImageNet pretrained network for unimodal training. And the experiment results showed that

unimodal training with more unimodal data leads to better fusion results.

* In our proposed segmentation pipeline Cui et al. (2024b), which leverages the Segment Anything Model
(SAM) to assist with nuclei segmentation, we successfully ne-tuned the SAM model and utilized weak

annotations and achieved competitive performance with only a limited number of annotations.

1.5.3 Fusion Method Selection

Currently, there is no conclusive evidence that one fusion method is ultimately superior to other meth-
ods Stahlschmidt et al. (2022); Lipkova et al. (2022). Some works have shown that the best fusion strategy can
be task and data-dependent Huang et al. (2020b); Holste et al. (2021b). There are three interesting research
directions to this challenge. 1) Explore more theories and do more experiments on real datasets and synthetic
datasets to compare different fusion strategies and evaluate their respective advantages quantitatively and
qualitatively. 2) Neural architecture search (NAS) which can nd the optimal fusion strategy automatically

is a potential solution to solve this problem. It has been applied in multimodal learning tasks such as the
image-text Im classi cation Ma et al. (2022) and multimodal EHR classi cation Xu et al. (2021). 3) Dy-

namic methods are also implemented to make the multimodal learning dynamic for different inputs. Han et al.



(2022) and Wang et al. (2021a) proposed to use the uncertainty methods to dynamically adjust the weights of
multimodal fusion. Peng et al. (2022) proposed on-the- y gradient modulation to adaptively control the op-
timization of each modality. This direction is underexplored in the medical direction that may lead to future

study.

« In our proposed missing data (MMD) pipeline, we compared different feature fusion strategies. It was
found that the fusion features without updates were competitive and much more computation-ef cient

for the survival prediction task of glioma tumors using 4 modalities.

1.5.4 Vision Language Interaction

Recently, with the development of large language models (LLMs) and vision foundation models, there has
been a growing interest in integrating LLMs with medical image data for novel applications. Some ap-
proaches align clinical reports with image data during pretraining to develop better foundation models. Others
describe medical information in sentences to guide patch selection in multi-instance learning. Additionally,
some methods aim to automatically generate clinical reports based on image information. This is an evolving

eld, exploring how language information can enhance the development of medical image analysis.

 In our proposed prompt-guided multi-task segmentation approach Cui et al. (2024a), we utilize both
image and task prompts (such as task IDs or language prompts) to guide multitask segmentation in
kidney pathology. We aim to investigate whether language prompts can provide greater exibility in

achieving diverse segmentation outcomes and handling some unseen segmentation cases.

1.5.5 Explanable Multimodal Learning

Lack of transparency is identi ed as one of the main barriers to deploying deep learning methods in clinical
practice. An explainable model not only provides a trustworthy result but also helps the discovery of new
biomarkers. Some explanation methods were used to show feature contributions to results. For image data,
heatmaps generated with the class activation maps algorithm (CAM) were used to visualize the activated
region of images that were most relevant to the models' outputs Chauhan et al. (2020); Schulz et al. (2021).
Li et al. (2021b) displayed the attention weights of patches to visualize the importance of every patch to the
multi-instance learning of a WSI. Holste et al. (2021a) and Ghosal et al. (2021) investigated the importance
scores for features, while other studies El-Sappagh et al. (2020); Cheerla and Gevaert (2019) explored the
contribution of modalities. It should be considered to add explanable multimodal learning techniques in our

applications as an attempt at multimodal interaction analysis and biomarker discovery.
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1.6 Medical Applications of Multimodal Learning
In this thesis, we apply multimodal learning to provide solutions to the following medical problems, which

will be detailed in the upcoming chapters.

1.6.1 Glioma Tumor Grade Classi cation, Survival Prediction and Gene Prediction
Gliomas are the most common primary malignant brain tumors. The median survival of gliomas varies
from a few months to over 20 years, which mainly depends on World Health Organization (WHO) grades
(1, 1, 1, and 1V) for malignancy Leu et al. (2013). Some gene biomarkers such as IDH, MGMT and
1p/19q are also important survival predictors shown by previous research Leu et al. (2013). Diagnosis and
prognosis of patients with this kind of tumor are bene cial for treatment decisions and patient management
Ramachandram and Taylor (2017). For glioma tumors, survival time prediction, gene-type prediction, and
grade classi cation are popular applications. Some prior studies have already shown the prognostic advances
of utilizing pathology images Louis et al. (2016), MRI images Bae et al. (2018), genomic Beig et al. (2020)
and clinical features Beig et al. (2021) for the survival time prediction of glioma tumors. More recent studies
have shown the promising results of integrating multi-modal data for glioma tumor prognosis Braman et al.
(2021); Zadeh et al. (2017); Mobadersany et al. (2018); Chen et al. (2020). Mobadersany et al. (2018)
concatenated genomic biomarkers and learned pathology image features. Chen et al. (2020) proposed to
aggregate features from genomic data, pathology images and cell graphs with tensor fusion Zadeh et al.
(2017). More recently, Braman et al. (2021) extended tensor fusion with orthogonal regularization to four
modalities for more precise survival prediction.

In our work Cui et al. (2022c,a), we investigated the grade classi cation task and survival time prediction
task of the glioma tumors, and we focused on how to utilize the data ef ciently and effectively in the entire

modality missing scenario to improve the multimodal performance.

1.6.2 Soft Tissue Tumor Classi cation

Myxo brosarcoma and myxoma are myxoid soft-tissue tumors found in musculoskeletal tissues. Myxo -
brosarcoma is malignant while myxoma is benign. Myxomas rarely recur, while myxo brosarcomas com-
monly recur with 77% 5-year survival Baheti et al. (2015). Differentiating myxo brosarcomas from myxo-
mas is important because their treatment differs. Observation or marginal excision are treatments for myxo-
mas, while myxo brosarcomas always require wide excision and often radiation therapy Baheti et al. (2015).
However, distinguishing myxo brosarcomas and myxomas clinically can be challenging. The characteristic
features of hyperintensity on T2-weighted images are common in both benign and malignant tumors Kind-

blom et al. (1974); Kaya et al. (2008), and histologic overlap increases the sampling error of core needle
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biopsy, especially for myxomas and low-grade myxo brosarcoma Willems et al. (2009). According to Klein
et al. (2021), a 14% indeterminate diagnosis rate from needle biopsies was found in a dataset of 171 muscu-
loskeletal soft tissue tumors. Anecdotally based upon the recently unpunished summarized data of Vanderbilt
Hospital from our collaborators, myxoid tumors have closer to a 30% indeterminate diagnosis rate after needle
biopsy. Radiomics provides a way to extract and analyze a great number of quantitative imaging features from
medical images, which can be used to build descriptive and predictive models. It has the potential to uncover
the features not visible to human eyes and assist clinical decisions Kumar et al. (2012). Two recent stud-
ies assessed the performance of radiomics in diagnosing extremity sarcomas Martin-Carreras et al. (2019);
Fields et al. (2021), with one focusing on distinguishing myxomas from myxo brosarcomas Martin-Carreras
et al. (2019). However, T1l-weighted, T2-weighted images and clinical features were not used together in
these studies, which precludes the chance to improve the decision accuracy by utilizing features from these
different modalities and the correlation among them.

In our work Cui et al. (2022b), we trained and validated machine learning models to classify the myx-
o brosarcomas from myxomas, using clinical features and radiomics features extracted from T1-weighted
images and T2-weighted images. This study attempts to answer the following questions: 1) Whether the
predictive models using features from multi-modalities perform better than the model using features from a
single modality. 2) What radiomics features are related to myxo brosarcomas and myxomas? In addition, in
the evaluation section, we compared the results from machine learning models with three radiologists. And
we add the machine learning prediction results as the given information to see whether the machine learning

results can help the radiologists' diagnosis.

1.6.3 Prompt-Guided Multi-class Pathological Segmentation
In addition to the two classi cation tasks in the multimodal domain mentioned earlier, we also explore the
application of segmentation tasks using multimodal data. Speci cally, we investigate the use of prompts
to guide multi-class segmentation, aiming for diverse outcomes. Our work focuses on kidney pathology
data, where we explore a novel pipeline for segmentation that leverages both image and language prompts to
enhance segmentation exibility. This approach differs from traditional segmentation methods that use only
images as input to generate a single, xed outcome. By incorporating both image and language prompts, our
model introduces a more adaptable segmentation process.

The Vision Foundation Model has recently gained attention in medical image analysis. Its zero-shot learn-
ing capabilities accelerate Al deployment and enhance the generalizability of clinical applications. However,
segmenting pathological images presents a special focus on the exibility of segmentation targets. For in-

stance, a single click on a Whole Slide Image (WSI) could signify a cell, a functional unit, or layers, adding
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layers of complexity to the segmentation tasks. Current models primarily predict potential outcomes but lack
the exibility needed for physician input.

In our work Cui et al. (2024a), we explore the potential of enhancing segmentation model exibility by
introducing various task prompts through a Large Language Model (LLM), compared to traditional task ID
tokens. Our contribution is four-fold: (1) we construct a computational-ef cient pipeline that uses netuned
language prompts to guide exible multi-class segmentation; (2) We compare segmentation performance with
xed prompts against free-text; (3) We design a multi-task kidney pathology segmentation dataset and the
corresponding various free-text prompts; and (4) We evaluate our approach on the kidney pathology dataset,

assessing its capacity to new cases during inference.

1.6.4 Spatially Resolved Single-cell Transcriptomes
Aligning single-cell (sc/snRNA-seq) data to various forms of spatial data collected from the same region, the
annotation of the single-cell data can be projected to spatial data.

Single-cell sequencing technologies enable a comprehensive analysis of gene expression at single-cell
resolution, providing detailed features of each cell. However, interpreting this data spatially is a problem since
the single-cell sequencing breaks out the spatial structure of cells Chen et al. (2019). In contrast, imaging-
based modalities such as Multiplex Immuno uorescence (MxIF) and Multiplexed Error-Robust Fluorescence
In Situ Hybridization (MERFISH) offer valuable spatial information about cell distribution and interactions
but lack the depth of single-cell sequencing data. If we can align the single-cell (sc/snRNA-seq) data to
various forms of spatial data collected from the same region, the annotation from the detailed features of the
single-cell data can be projected to spatial data.

The Tangram algorithm Biancalani et al. (2021) addresses this gap by mapping single-cell data onto
imaging data through mathematical modeling of their overlapping expressions. One key application of this
mapping is cell annotation, where single-cell data, with its rich detall, is used to accurately annotate cells.
The Tangram algorithm then transfers these annotations onto spatial data, enabling biologists to visualize,
interpret, and validate the results effectively.

In our work Cui et al. (2023a), we implement the Tangram algorithm to map the single-cell data with

MXxIF images. Speci cally, we investigate the in uence of cell-type ratio to this mapping algorithm.

1.7 Structure of the Thesis
The following chapters present our work in unimodal learning across various modalities (Chapter 2 and 3) and
multimodal learning in the medical domain (Chapter 4, 5, 6, 7, 8 and 9), concluding with our contributions

and directions for future work.
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Chapter 2: We propose a vessel segmentation method for deep brain stimulation (DBS) utilizing a 3D
convolutional neural network with deep supervision on contrast-enhanced T1-weighted MR images Cui
etal. (2021a). Building on this vessel segmentation, we also introduce a deep-learning-based automatic

trajectory planning pipeline for DBS in epilepsy.

Chapter 3: An investigation into universal anomaly detection in medical images without prior knowl-
edge of abnormalities. Experiments are conducted on various digital pathology datasets as well as a

radiology image dataset. Cui et al. (2023b)

Chapter 4: Use the Tangram algorithm to align single-cell RNA-seq data with spatial data, enabling
the projection of single-cell annotations onto spatial maps, while also investigating the impact of mis-

matched cell-type ratios on the mapping performance. Cui et al. (2023a)

Chapter 5: Integrate radiomics and clinical features during the early fusion stage, applying feature
reduction techniques to differentiate between myxo brosarcoma and myxoma Cui et al. (2022b). Ad-

ditionally, evaluate the performance of machine learning models in comparison to that of radiologists.

Chapter 6: Implement the CPM-Nets to address missing data in multimodal (genomic and pathology)
grade classi cation of glioma tumors, demonstrating that combining complete and incomplete modal-

ities improves prediction. Cui et al. (2022a)

Chapter 7: Propose a pipeline for multi-modal learning that effectively handles incomplete data. And
demonstrate in the task of predicting glioma tumor survival. This pipeline integrates radiology images,

pathology images, genomic information, and demographic data. Cui et al. (2022c)

Chapter 8: Introduce "all-in-SAM” a pipeline that integrates SAM across the entire Al work ow,
eliminating the need for manual prompts by generating pixel-level annotations from weak prompts and
using them to netune the SAM model, achieving state-of-the-art performance on a public benchmark.

Cui et al. (2024b)

Chapter 9: Propose a computationally ef cient network for multi-task segmentation of kidney pathol-
ogy, ne-tuning the TinyLlama model using the LoRA method. The experiments compare free-text
prompts with traditional categorical task prompts. Experiments show the model's exibility and gen-

eralizability in terms of both language expression and content. Cui et al. (2024a)
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CHAPTER 2

Brain Vessel Segmentation in Contrast-enhanced T1-weighted MR Images for Deep Brain Stimulation

of the Anterior Thalamus Using a 3D Deep Convolutional Neural Network with Deep Supervision

2.1 Introduction

Epilepsy is a neurological condition that affects the nervous system, in which patients suffer from recurrent
seizures. Severe and uncontrolled epileptic seizures can have a deleterious effect on the patients' quality of
life. Although seizure medications are the mainstay of epilepsy treatment, Deep Brain Stimulation (DBS) is
a recently FDA-approved alternative for patients with medically refractory seizures, i.e., patients for whom
medications are not effective Zangiabadi et al. (2019). DBS involves the delivery of a predetermined program
of electrical stimulation to deep brain structures via implanted electrodes connected to a pulse generator Li
and Cook (2018). For epilepsy patients, the Anterior Thalamus (ANT) is usually selected as the target nucleus
for stimulation due to its crucial role in the propagation of seizure activities Child and Benarroch (2013).

A key component of DBS-ANT procedures is the pre-operative planning of a trajectory that permits plac-
ing the implant at the optimal target point while avoiding sensitive structures. This is challenging because a
transventricular trajectory is optimal to maximize the likelihood of hitting the target, but this requires access-
ing through a very small corridor between the thalamostriate vein, the superior choroidal vein, the anterior
septal vein, and the venous angle, thus increasing the risk of hemorrhage. Automatic target localization,
which has been explored by Liu et al. (2020), and accurate segmentation of the brain vasculature are thus
of critical importance for computer-assisted planning systems that would facilitate the process and reduce
the risk of hemorrhage. In this work, we focus on vessel segmentation for DBS-ANT. Contrast-enhanced
T1-weighted (T1CE) MRI is a commonly used modality in DBS. These are T1-weighted MR images that are
acquired after injection of Gadolinium (Gd), a non-toxic paramagnetic contrast enhancement agent. Gd re-
duces the T1 relaxation time and thereby increases signal intensity, which permits visualizing the vasculature.
We note that both time-of- ight magnetic resonance angiography (MRA) and CT angiography (CTA) images
are vessel-speci ¢ modalities that could be used for trajectory planning, but these are not routinely acquired
for DBS procedures and they are not acquired at our institution. In this work, we are interested in exploring
a method that can be used when only T1CE images are available. The brain vessels in the T1CE images
are generally elongated and bright structures, which can be enhanced by vesselness lIters (see Hemler et al.
(2004) and Sato et al. (1998)). Neumann et al. (2019a) recently proposed a pipeline of conventional image

processing methods that includes the Frangi Iter, fast-marching and level set components. They report an
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average Dice score of 0.731 on their TLCE dataset with a resolution of 0.8 mm x 0.8 mm x 0.8 mm. In
their approach, they use the Frangi lter to generate the vesselness image. But, as they report and we have
observed, the Iter may respond in areas of high background noise and to white matter regions of the super -
cial gyri due to their anisotropic, plate-like hyperintense appearance Neumann et al. (2019a). To address this
issue, a high threshold is selected to under-segment the vesselness image. These under-segmented images
are then used to seed the fast-marching and level set components. Experimentally, we found that applying
this method to our images was suboptimal. Indeed, we observed that the intensity of small vessels in the
vesselness image could be lower than the intensity of the white matter and gyri. Selecting a threshold to
eliminate spurious voxels also leads to the elimination of small vessels that could not be recovered by the
subsequent steps. Because some small vessels are not connected to the large vessels in our clinical TLCE
images with limited resolution, they are hard to extract with edge-based levelset methods if there is no seed
located in them. This motivated exploring an alternative deep-learning-based method. We note that deep
learning methods have been successfully used to segment image modalities designed to visualize vessels
such as MRA Livne et al. (2019) and CTA Meijs et al. (2017) images but, to the best of our knowledge, there

is no previous work that reports on using deep learning methods for brain vessels segmentation in clinically
acquired T1CE images, which are commonly used for ANT-DBS procedures. This is probably due to the
dif culty to create the necessary training/testing sets. The main contribution of our work is a pipeline to seg-
ment brain vessels for planning ANT-DBS procedures with a modi ed 3D U-Net model. It is evaluated on 20
T1CE images. This deep-learning-based method outperforms the multi-scale Frangi Iter used in Neumann

et al. (2019a) qualitatively and quantitively, especially for small vessels.

Figure 2.1: The work ow used for brain vessel segmentation (The red masks are the ROIls and the green
structures are the segmented vessels within the ROISs).

2.2 Methods
The proposed pipeline for segmenting the brain vessels for ANT-DBS procedures on T1CE images is shown

in Figure 2.1.
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2.2.1 Preprocessing
At the pre-processing stage, all the images are af nely registered to one atlas volume. N4 bias eld correc-
tion Tustison et al. (2010); Jenkinson et al. (2012) is applied to correct for intensity inhomogeneity. Also, to

reduce training complexity, the brain is extracted using the FSL method proposed by Jenkinson et al. (2012).

2.2.2 Region of Interest De nition

To determine a trajectory, the locations of an entry point on the skull and of the target point in the ANT are
required. In clinical practice, the target points are localized manually by experienced surgeons. When the
target point is selected, the entry point is chosen in the region at or just anterior to the motor cortex Krames
et al. (2018); Zaghloul and Chang (2016) to reach the target point without touching critical structures, includ-
ing the blood vessels. However, the exact searching region for the entry point for each volume is unknown
in this work. To address this issue, we select one actual ANT-DBS volume as an atlas, non-rigidly register
it to the 20 volumes in our data set, and project the entry and target points from the ANT-DBS volume onto
all the other volumes. This de nes two trajectories (one left and one right) for each of the 20 volumes. We
then create cylinders centered on the trajectories with a diameter of 40 mm. The union of the left and right
cylinders de nes the ROI for each volume. Only vessels within the ROIs are manually labeled to produce the
ground truth data set used for training and testing. It not only satis es the requirement for ANT-DBS surgery

planning but it also reduces the laborious manual annotation process.

Figure 2.2: The work ow used for brain vessel segmentation (The red masks are the ROIls and the green
structures are the segmented vessels within the ROISs).

2.2.3 Segmentation with Context
We propose to use a deep neural network shown in Figure 2.2.2 to segment the vessels of TICE images
from the preprocessed images. The network is based on the conventional 3D U-Net Isensee et al. (2021), but

1) the dropout layers are added after some convolutional layers in the encoder stage to effectively improve
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segmentation on the testing set by avoiding over tting as proposed by Srivastava et al. (2014), and 2) instance
normalization layers Ulyanov (2016) are added between each convolutional layer and ReLU activation layers
to increase the stability of training.

The input to the network is a 9680 80 voxel box that encompasses the ROIs, cropped from each
af nely registered image to meet GPU memory requirements. Instead of setting voxel intensities within the
box but outside the ROIs to 0 in the input data, we retain all voxel intensities in the box as input. However, we
only consider voxels in the ROIs when computing the Dice loss during training. Although the region outside
the ROIs is not supervised, the intensities of voxels outside the ROIs can in uence the features of the voxels
within the ROIs through convolutions during the training process.

We hypothesized that the contextual information outside the ROIs would provide more relevant informa-
tion than simple zero-padding. Our experiments con rmed that this contextual information effectively speeds
up convergence during training and improves the segmentation results on the testing sets.

We hypothesized that the contextual information outside the ROIs would provide more relevant informa-
tion than simple zero-padding. Our experiments con rmed that this contextual information effectively speeds
up convergence during training and improves the segmentation results on the testing sets.

In the post-processing stage, a xed threshold of 0.5 is used to binarize the probability map. Also, the

small connected components are considered spurious and removed from the binarized result.

Figure 2.3: Network structure with deep supervisions module. (The number at the top of each layer is the
number of channels). (Adapted from Cicek et al. (2016)).
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2.2.4 Deep Supervision

In addition, we add deep supervision to further improve the segmentation performance. The network structure
with deep supervision is shown in Figure 2.2.3. Deep supervision mechanism was rstly proposed by Lee
et al. (2015), to reduce the problem of vanishing gradient for deep CNN models in image classi cation. The
ef cacy of the deep supervision is also shown in the segmentation works Zhu et al. (2017); Kayalibay et al.
(2017); Lv et al. (2022). Their results show that the deep supervision speeded up the convergence of training
and improved the segmentation accuracy. Except for the bene ts reported by previous studies, we also notice
that the deep supervision mechanism helps to improve the vessel segmentation outside of the mask region,
which is a desirable property in our task. Vessel annotation is only done within the ROIs for training since
the delineation ef ciency. Without deep supervision mechanism, the quality of vessel segmentation in the
area outside of the supervised training ROI can be lower than the area within the ROI (especially for the area
far away from the ROI boundary) in our experiments. If the segmentation quality of the region outside of the
ROls can be improved, which means the well-segmented region is larger, it provides more exibility for the

trajectory planning in the next step.

Figure 2.4: Calculate thB,es0f each trajectory through the distance map.

Figure 2.5: Pipeline of trajectory planning for deep brain stimulation of thalamus.
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Figure 2.6: 3D, sagittal, coronal and axial views of the original images and vessel segmentation within the
ROIs (highlighted in orange boxes). For the last three rows, the green structures on the rst four columns
from the left side are ground truths and binary segmentations after post-processing separately; The rst
column from the right side shows the original output from networks and multi-scale Frangi Filter.

2.2.5 Trajectory Planning

With the segmentation of vessels, we proposed an automatic deep-learning-based trajectory planning pipeline
of deep brain stimulation of the thalamus. It aims to plan safe trajectories that avoid blood vessels and reach
the thalamus accurately. We consider trajectory planning as an optimization problem. Design and compute
the cost function for each possible entry point subject to constraints about vessels. The trajectory with the
minimum cost will be selected. Following the trajectory planning rules proposed in the previous work Liu

et al. (2014). Firstly, the trajectory should stay away from the vessels to minimize the risk of hemorrhage.
Secondly, staying away from the sulci is a supplementary constraint to avoid going through small vessels,
because small vessels invisible on preoperative imaging are often present at the base of the sulci. Thirdly, the
entry point of the trajectory should be posterior to the hairline for cosmetic reasons and posterior to the motor

cortex to avoid side effects. To satisfy the rst rule, we register a relatively large entry region of the skull
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Figure 2.7: Effect of including contextual information on the training (left) and the results (right). The input
with contextual information is denoted as “with”, and the input without contextual information is donated as
“without”. The triangles point out the best epochs selected by the validation set.

from the atlas. Here we use the region on the skull corresponding to the ROI region for vessel segmentation.
The target point is located by a deep learning-based method with uncertainty estimation Liu et al. (2020). The
straight lines connecting every possible entry point in the entry region with the target points are trajectory
candidates. And then, we extract the sulci surface using the trained SLANT model Huo et al. (2018). For
each trajectory candidate, we can compute its distance to nearestdg@gsetough the distance map shown
in Figure 2.2.4 and nearest suliy. proposed by Liu et al. (2014).

The cost F of each trajectory calculated by b, andDyesis de ned by the following functions 2.1,

2.2and 2.3.

8
Cves - 2 (Dthres Dves) :(Dthres Dves; min) i Dves < Dthres (2.1)
> .
. 0 if Dves Dthres
Csulci = ( Dsulc;max Dsulcus) :(Dsulci, max Dsulci, min) (2-2)
Cost functionF= w Cyes + Coyci (2.3)

In the function,w is a weight coef cient, anypres is the soft threshold.Dy.yinmay represents the
minimum (maximum) value dDy over the set of trajectories. The trajectory with the smallest cost is selected
as the planned trajectory. Additionally, the heatmap of the cost of the entry region can be shown to assist the

surgeon in trajectory planning. The trajectory planning pipeline is summarized in Figure 2.2.4.
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Figure 2.8: Quantitative comparison of proposed method with and without deep supervision

2.3 Experiments

2.3.1 Data

Our dataset consists of 20 clinically acquired T1-weighted post-gadolinium MR images, each from a unique
patient who underwent DBS implantation for movement disorders at Vanderbilt University Medical Center.
The resolution of the images is Imnimm 1mm. Vessels in the regions of interest (ROIS), i.e., the regions
through which the trajectory may pass, are manually annotated in each of the 20 volumes by a well-trained
researcher under the supervision of a neurosurgeon. This annotation serves as the ground truth to supervise

the training of the network and evaluate the segmentation.

2.3.2 Implementation Details

To evaluate the deep-learning method and the vesselness method we have used, i.e., 1) Adapted 3D U-Net
(trained with/without context in the box) and 2) multi-scale Frangi lter, the 20 volumes in our dataset are
randomly split into 5 sets to perform 5-fold cross-validation: 3 sets for training, 1 set for validation and 1
set for testing in each fold. The model with the best training epoch/threshold is selected based on results
obtained on the validation set and then applied to the testing set. In the pre-processing stage, brains skulls
are removed using the FSL method proposed by Jenkinson et al. (2012) to reduce training complexity. In
practice, applying the skull-stripper on T1CE images directly sometimes incorrectly removes vessels at the
brain surface. We nd that a better approach is to use the FSL method on the paired T2-weighted images to
generate the brain tissue mask for the TLCE images. When the paired T2-weighted images are not available,
a two-step approach described by Bauer et al. (2013) can be used, but a T1CE atlas with an associated brain

binary needs to be generated.
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To implement the vesselness method with the 3D multi-scale Frangi Iter, we use a MATLAB toolbox
developed by Kroon Kroon (2009). The pixel intensities are rst normalized tf0/#55 range. In practice,
the performance of the Frangi Iter is sensitive to parameters, and the optimal parameters vary for different
datasets. Here, we use a grid search to compute the optimal parameter values within reasonable ranges. The
search is applied to the validation images in each fold, and the optimal parameters are then used on the testing
set.

The parametera andb controlling the sensitivity to shape are selected from thé&ét 0:3; 0:5g, while
the parameter controlling the sensitivity to noise is selected from thefde} 25; 40; 70; 120, 170g. Since the
response of the Frangi Iter will be maximal at the scale that approximately matches the size of the vessel,
the Frangi Iter is applied over a range of spatial scefies f 0:05mm toSyax With a step size of @5 mnm,
with Spax selected from the sé0:5mm; 0:7 mm; 1 mmg. The maximum response is kept for each voxel, and
the ltered images are binarized using a simple threshold.

For the 3D U-Net method, the Dice loss is used for training due to the extreme imbalance between the
foreground (i.e., the vessels) and the background. Kaiming initialization and the Adam optimizer are used.
The batch size is set to 1, and the pixel intensities are normalized {0;tfj@ange. The learning rate starts
at 50 10 3 and is reduced by a factor of 0.5 after 30 epochs without improvement on the validation set.
Training stops if there is no improvement on the validation set for 35 consecutive epochs.

In the post-processing stage, the threshaolsed to specify the size of the connected component is selected
from the sef 0; 1;2; 3; 4; 5g using the validation set. Then, the connected components with size smaller than

t are removed as noise.

2.3.3 Results
In this section, the results obtained with our proposed methods and the multi-scale Frangi Iters are evaluated
and compared quantitatively and qualitatively.

From a quantitative point of view, the segmentation quality is evaluated using the Dice score, accuracy,
sensitivity, speci city, positive predictive value (PPV), average Hausdorff distance (AVD), and 95% Haus-
dorff distance (95HD). The AVD and 95HD between the non-zero voxel sets of the ground tauth the

predictionP are de ned respectively as Equation 2.4 2.5 and 2.6:

o ¥ ;avg(Y; P)+ dy ;avg( RY)
2

1 .
dh-avg(Y; P) = ;wheret avg(Y; P) = Ni ﬂé_YrrPZley pk (2.4)
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Table 2.1: Evaluation results of different methods within the ROI (the better is in bold) (mean + std)

3D U-Net w/ 3D U-Netw/ 3D U-Net wo/ Multi-scale

context context W/ .deep context Frangi Filters
supervision

Dice score"' 0:794 0:027 0:795 0:027 0:786 0:027 0:605 0:050
Accuracy" 0:991 0:002 0:991 0:002 0:990 0:002 0:984 0:004
Sensitivity" 0:785 0:041 0:775 0:044 0:764 0:049 0:513 0:062
Speci city " 0:996 0:001 0:996 0:001 0:996 0:002 0:995 0:004
Precision’ 0:806 0:049 0:818 0:046 0:811 0:054 0:730 0:117
AHD (mm)# | 0:382 0:125 0:358 0:092 0:401 0:109 1.015 0:177
95HD (mm)# | 1:768 1:060 1:612 0:744 1:918 0:907 5:933 1:316

On:05(Y; P) + OH;05(RY) .
2 1

dH;95(Y; P) = where dH;g5(Y; P) = Kgs g}lg ky pk 8y2Y; (2.5)

and Kgs denotes the 98 percentile. (2.6)

The last two evaluation metrics are used to evaluate the surface errors while the others are used to evaluate
the overlap between the prediction and ground truth masks. Table 2.1 shows the quantitative results we have
obtained with the multi-scale Frangi Iter and the 3D U-Net model on our T1CE dataset. The numbers show
the mean and standard deviations of the value we have obtained with our 5-fold cross-validation. A substantial
difference is observed between the deep learning methods and the Frangi method. T-tests show signi cance
between the Dice scores of the deep learning (with contextual information) method and Frangi method with
p-value of 6.9047e-15, and between deep learning method with and without contextual information with p-
value of 0.0019. The 3D U-Net training with context produces the best scores among the three methods in all
metrics except for the precision that is slightly lower than 3D U-Net training without context. For planning
safe trajectories that avoid vessels, the model with higher Dice score and sensitivity is preferable even if its
precision is slightly lower.

Qualitative evaluation is also performed by visually inspecting the segmentation results in multiple 2D
and 3D views. Figure 2.2.4 shows one representative example of results obtained with the two methods. The
results obtained with the 3D U-Net methods are visually superior to those obtained with the Frangi method.
Speci cally, it can be observed that the Frangi method misses small vessels and produces false positives in
the white matter area.

About the in uence of the contextual information, Figure 2.2.4 further compares the training curve and

segmentation result when using context information outside of the ROIs in the box or not. This shows
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that using context information for training can speed up the convergence and lead to higher Dice scores
on the testing images. The qualitative segmentation results with and without deep supervision is shown in
Figure 2.2.4. The 3D U-Net with deep supervision has stronger generalization ability to segment the region
out of ROI without sacri cing accuracy within the ROI.

Our experiments demonstrate that the proposed deep learning method with contextual input and deep
supervision outperforms traditional methods based on the Frangi lter. It is also computationally ef cient
as it only takes less than 1 sec to perform the segmentation within the bounding box on a NVIDIA GeForce

RTX 2080 T1.

2.4 Conclusion

We propose a 3D U-Net based framework for vessel segmentation for planning ANT-DBS procedures. To
the best of our knowledge, this is the rst attempt to use deep learning to segment brain vessels in TLCE
images. Our experiments demonstrate that the proposed deep learning method with contextual input and deep
supervision outperforms traditional methods based on the multi-scale Frangi Iter and indicate that accurate
segmentation of vessels in clinically acquired T1CE images is achievable. Also, we proposed an automatic
deep-learning-based trajectory planning pipeline. The clinical evaluation of the method, i.e., its adequacy
to provide surgeons with a reliable safety metric based on distance from vessels for trajectory planning is
ongoing. If this study is conclusive, this work will become an important component of a computer-assisted

trajectory planning system for DBS-ANT procedures.
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CHAPTER 3

Feasibility of Universal Anomaly Detection without Knowing the Abnormality in Medical Images

3.1 Introduction

In the context of human perception, it is observed that individuals possess the ability to summarize and store
normal patterns, thereby enabling them to recognize the abnormal patterns upon rst encounter by comparing
them to the normal patterns stored in memory. Especially when existing certain abnormal cases are infrequent
or unknown, the ability to discriminate between normal and abnormal patterns must be acquired through
learning from normal data. This has driven the research in the area of anomaly detection in machine learning,
which has been further enhanced by the advances in deep learning techniques, improving the generalization
ability of more complex patterns and leading to more effective detection of abnormality. Different from the
regular classi cation problems, anomaly detection is a kind of one-class classi cation, where normal and
abnormal patterns are binary classi cations, but trained solely on normal data and are tested on their ability
to detect abnormal patterns Yang et al. (2021); Salehi et al. (2021).

In the medical domain, vast amounts of data are routinely processed, with the identi cation of abnormal
cases being of great value. For instance, images with poor quality or artifacts should be discarded or require
repetition, and patterns in images that deviate from normal patterns may indicate a rare disease. Due to the
scarcity of labeled data and the infrequency of abnormal cases, conventional classi cation methods may not
be appropriate. Therefore, there is a need for the development of anomaly detection techniques for medical
image data.

Numerous anomaly detection methods have already been proposed, with distribution-based and pretext-
task-based strategies being two of the primary approaches Yang et al. (2021). Distribution-based methods
estimate the distribution of normal data or compact the feature space of normal data, allowing abnormal data
that lies outside the distribution or boundary of normal data to be recognized as abnormal. Examples of
distribution-based methods include One-Class Support Vector Machines (OCSVM) Li et al. (2003), Deep
Support Vector Data Description (DeepSVDD) Ruff et al. (2018a), and Variational Autoencoder (VAE) An
and Cho (2015). On the other hand, pretext-task-based methods involve training models for speci ¢ tasks,
such as reconstruction Gong et al. (2019), inpainting Pirnay and Chai (2022), and denoising Kascenas
et al. (2022), etc., using normal data only. It is expected that the model can achieve good performance in
completing these tasks using normal data but perform poorly when presented with abnormal data. Previous

works have explored the effectiveness of pretext-task-based methods for anomaly detection.
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Figure 3.1: The upper panels show the 4 medical image datasets and 2 natural image datasets that are used
for anomaly detection in this study. The lower panels show the ranking of their performance across different
image cohorts (corresponding to the results in Table 2). None of these methods consistently achieved the best
performance across all datasets.

According to such prior artghe abnormality in medical image analysis is very heterogeneous and
complicated, including, but not limited to, the existence, shape, density of anomalies and other sensory
abnormalities. The abnormalities in sensory attributes can also lead to content abnormalities, such as local
abnormalities (use pixel-wise reconstruction loss) or more global abnormalities (use perceptual loss at the
content level). Unfortunatelynost of the prior anomaly detection methods were optimized for a speci ¢
“known” abnormality (e.g., brain tumor, bone fraction, cell types) Cai et al. (2022); Shvetsova et al. (2021).
Moreover, even though only the normal images were used in the training set, the abnormal images were
often employed during the validation process (e.g., epoch selection, hyper-parameter tuning) Shvetsova
et al. (2021), which might leak the supposed “unknown” abnormality unintentionally. Whether an anomaly
detection strategy can perform consistently well for various kinds of anomalies is a problem 8.1.

In this study, we compare the performance of multiple representative anomaly detection methods and
introduce a decision-level ensemble to take advantage of different methods to capture multiple kinds of
anomalies. Meanwhile, an overlooked but crucial problem in training an anomaly detection model is the
hyperparameter selection of the training epoch Reiss et al. (2021). The selection of a suitable training epoch
can in uence the results signi cantly but many works only empirically set a xed number of epochs Akcay
et al. (2019); Ruff et al. (2018b); Chen et al. (2022). Different from the regular classi cation problems, there

may be no anomaly data available in the training phase, so the classi cation accuracy of the validation set
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Figure 3.2: This gure presents the representative anomaly detection methods.

may not be applicable here. Also, the validation set may introduce the bias to known abnormality. In this
work, we investigated different epoch selection strategies including a xed number of epochs, loss of normal
data in the validation set, and a dynamic epoch selection method proposed by Reiss et al. (2021). And their
performance was compared with the model selected by a validation set with both normal and abnormal data
available.
The contribution of this paper is threefold:

Firstly, we compare multiple representative anomaly detection methods on various medical datasets.

Secondly, we investigate the inevitable but often neglected issues on how to unbiasedly select the opti-
mal anomaly detection model during the validation phase using only normal images.

Thirdly, we propose a simple decision-level ensemble method to leverage anomaly detection without
knowing the abnormality. Extensive experiments were done on 6 datasets and 5 different anomaly detection

methods.
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3.2 Methods

3.2.1 Anomaly detection benchmarks

In this work, we selected and compared ve representative anomaly detection methods for image data. The
structures of these methods are displayed in Figure 3.2.

1) Autoencoder (AE) with pixel-wise loss. The autoencoder is a basic reconstruction-based method
that aims to train a model to be able to reconstruct normal images but performs worse in reconstructing
abnormal images. Images are reconstructed from a bottle-neck feature vector downsampled by convolutional
and pooling layers. The pixel-wise loss is used to supervise the reconstruction training and used as the
anomaly score.

2) Autoencoder with a perceptual loss.Instead of using the pixel-wised reconstruction loss. The per-
ceptual loss cares about the content similarity of real and reconstructed images. Especially for pathology
images, the dense regions with edges are hard to reconstruct, which may confuse the reconstruction errors
results from the anomaly input. The similarity in higher-level embedding spaces from a pre-trained network
can also bene t anomaly detection Shvetsova et al. (2021).

3) SkipGanomaly. Akcay et al. (2019) SkipGanomaly is an enhanced variant of GANomaly Akcay
et al. (2019), which has been developed to generate normal images through the use of both skip connections
and adversarial loss. Compared to the auto-encoder-based method, the generated images were found to be
less blurry. Zehnder et al. (2022) applied it successfully in anomaly detection in pathology images of breast
cancer.

4) IGD. Chen et al. (2022) The IGD method is based on the density estimation of VAE for anomaly
detection. It constrains a smooth Gaussian-shape latent space for normal data with adversarially interpolated
training samples. Speci cally, it not only constrains the latent space with regular VAE design but also forces
the model to predict the interpolation coef cient of normal embeddings.

5) PANDA. Reiss et al. (2021) The PANDA method draws inspiration from the DeepSVYDD method
Ruff et al. (2018b). In PANDA, the encoder used for image embedding is replaced with an ImageNet pre-
trained encoder, instead of a learned encoder from reconstruction tasks. The ImageNet pre-trained encoder is
preferred over a learned encoder because it already has a strong expression ability. The embedding generated
by PANDA is then ne-tuned by a distance loss to a xed embedding center to compact the embedding space.
This approach helps to improve the overall ef ciency and effectiveness of the anomaly detection model. Also,
an elastic regularization inspired by continual learning was added to combat the collapse of compacted space.
The distance of an embedding to the xed center can be used as the anomaly score.

The above ve representative anomaly detection method covers both the pretext-task-based and the
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distribution-based anomaly detection methods. By covering multiple perspectives, these methods are ex-
pected to be effective in detecting various anomalies. As a result, combining them into an ensemble model

can increase the overall robustness of the anomaly detection system.

3.2.2 Model selection strategies during the validation stage

An important yet overlooked issue in anomaly detection is the selection of a suitable training epoch for
the model. Stopping the training process at different epochs can lead to signi cantly varied outcomes, but
previous research did not adequately address how the epochs were chosen. Unlike typical classi cation tasks
that use both normal and abnormal data in a validation set for epoch selection, the ideal setting of an anomaly
detection model should only see normal images, even during the validation stage. Not only because the
abnormal cases can be rare to get, but also because the model is expected to be a real “unbiased” anomaly
detection method that deals with unknown abnormalities. Unfortunately, many prior arts employed abnormal
images during the validation phase, which leak the known abnormality to the Al model, while some others
seta xed number of epochs for model training which may not fully exploit the model performance at risk. In
this paper, we evaluate (1) the performance gap if we only use normal data in both the training and validation
phases and (2) how to select the optimal anomaly detection model by only using the normal images.

The rst strategy was to employ two sets of hormal and abnormal images during the validation stage.
Then, select the best model or tuning hyper-parameters based on the best binary classi cation performance.
This was widely used in the prior arts, yet leaked the abnormality to the Al model. Therefore, the models
are selected for the best performance on “known” abnormality. Here, we investigate the alternative strategies
that only use the normal images during the validation phase:

Strategy 1) Assessing the loss of nhormal samples in the validation set, which provides an indication of
how well the model has been trained for the pretext task, such as image reconstruction.

Strategy 2) Sample-wise early stopping proposed by Reiss et al. (2021). Firstly, multiple model check-
points of different epochs are required to save in the training phase. Then, for each sample in the testing
phase, its anomaly score at different checkpoints will be normalized by the corresponding average anomaly
score of normal samples in the validation sets and denoted as the standardized anomaly score. The model
checkpoint with a maximal standardized anomaly score indicates the checkpoint has the best separation to
this testing sample and the maximal standardized anomaly score is used as the nal anomaly score of this

sample.
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Table 3.1: Datasets and the corresponding data splits used in this work

Dataset Training Validation Testing
Normal | Normal | Abnormal | Normal | Abnormal

Brain Nickparvar (2021) 1000 400 600 600 600
Colon 213 71 79 80 80

Breast Litjens et al. (2018) 5462 2150 2169 4000 817

Artifact Litjens et al. (2018) 5462 2150 2150 4000 4000
Hazelnut Bergmann et al. (2019) 391 9 12 31 58
Tile Bergmann et al. (2019) 201 29 19 33 65

3.2.3 Model Ensemble

To create an ensemble of different anomaly detection methods, the anomaly scores range afanodel

normal data in the validation setaxXN;) min(N;) is used to normalize the anomaly score of each testing

imagea; as the equation Eq. (3.1) shown. This is done to eliminate the unnormalized score with a smaller

value from being drowned out by the one with much larger values. Once the normalized anomalyscores

are calculated, the average ensemble strategy is used to combine the skatifednt models (Eq. (3.2)).

g =

ai

min(N;)

Aensemble™

maxNy) min(\y)’

k
o .,

a ai;
i

(3.1)

(3.2)

whereN; is the anomaly score set of normal data in the validation set for method i.

3.3 Experiments

3.3.1 Dataset

Four medical datasets and two natural image datasets are used to investigate and evaluate the anomaly detec-

tion algorithm in this work. 1XCamelyon breast datasetLitjens et al. (2018). A public dataset for breast

cancer metastase detection in digital pathology. Following the previous work Shvetsova et al. (2021), patches

in the size of 768 768 were tiled from either the healthy tissue or tumor tissue under m@gni cation

and used as normal and abnormal data separatelgh@lse colon datasetA private pathology dataset of

healthy colon tissues and Crohn's disease. The patches tile in the size of I&12were labeled by patholo-

gists to be normal and abnormal (with disease)C&jnelyon dataset with artifacts.Nine kinds of common

artifacts/corruptions for pathology images were generated on the normal images on the Camelyon dataset

Litjens et al. (2018) using the toolbox released by Zhang et al. (2022radh tumor dataset. A public

dataset contains 2D MRI slices with tumors or without tumors, in the size of 512. Nickparvar (2021) 5)

Hazelnut dataset. A prevalent computer vision anomaly detection benchmark from MVet Bergmann et al.
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(2019). 6)Tile dataset A prevalent computer vision anomaly detection benchmark from MVet Bergmann
et al. (2019).
Image patches in training, validation and testing sets were split by patients. The number of data is shown

in Table 3.1.

3.3.2 Experimental Setting
The experiments were divided into three parts.

1) Comparison of different anomaly detection modelsin Section 3.2.1, we introduced ve anomaly
detection methods, which were separately applied to 6 datasets. Each method was trained for 250 epochs,
with checkpoints saved every 25 epochs, except for the PANDA method, which was trained for 20 epochs
with a checkpoint saved every 2 epochs. For the AE-based methods, the architecture used by Cai et al. (2022)
was employed in this work. The autoencoder with a bottleneck structure consists of 4 down/up convolutional
blocks. When the input images were resized to 64 x 64 or 256 x 256, the length of the bottleneck was 16
and 128 separately. The output of the rst convolutional layer in the fourth block of the ImageNet pre-trained
vgg-16 was used for the perceptual loss to train the reconstruction networks. For the SkipGANanomaly, IGD,
and PANDA methods, the of cial GitHub repositories of these papers were used in this study. The default
parameters and experimental con gurations outlined in the original papers were adopted unless otherwise
speci ed.

2) Comparison of four training epoch selection strategies.The most common methods are setting
a xed number of training epochs and selecting the epoch in which the complete validation set (with both
normal and abnormal data) achieved the highest performance. They were compared with the sample-wise
model selection and strategy using the loss of normal validation mentioned in Section 3.2.2.

3) Comparison of ensemble model and individual models.The ve individual anomaly detection
models were ensembled as Section 3.2.3 introduced.

Moreover, allimages were processed as a three-channel input, with the channels copied for MRI grayscale
images, and then normalized to intensity [0,1]. The batch size for 64 x 64 resolution and 256 x 256 resolution
were 64 and 8 separately. To evaluate the capability of the model in discerning normal and abnormal data,

the Receiver Operating Characteristic Area Under the Curve (ROC-AUC) score was utilized.

3.4 Results and Discussion
The results of the ensemble anomaly detection are compared with the individual methods and presented in
Table 2. It can be seen that none of the individual anomaly detection methods outperforms other methods

across all datasets. Even though some methods achieved the best performance in some datasets, they may
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Table 3.2: Comparsion of individual and ensembled anomaly detection methods. The AUC scores are com-
puted from the withheld testing dat&lue values indicate the best individual model for each cohBed

value indicates the best overall performance across all cohorts.(The individual models are selected by the
sample-wise early stopping.)

Method Brain Colon Breast Artifact HazelnufTile| Average AUC
AE + PL (64) Shvetsova et al. (2021) 0.945 0.904 0.658 0.636 0.947 0.889 0.830
AE + L2 (64) 0.776 0.472 0.302 0.507 0.860 0.719 0.606
AE + PL (256) Shvetsova etal. (2021)0.888 0.020 0.962 0.696 0.930 0.670 0.694
AE + L2 (256) 0.711 0.224 0.108 0.506 0.876 0.673 0.516
SkipGanomaly Akcay etal. (2019) | 0.660 0.634 0.815 0.999 0.942 0.776 0.804
IGD Chen et al. (2022) 0.934 0.981 0.918 0.557 0.965 0.963 0.886
PANDA Reiss et al. (2021) 0.981 0.931 0.882 0.879 0.959 0.980 0.935
Avg. Ensemble (256) (Ours) 0.944 0.744 0.932 0.993 0.995 0.976 0.931
Avg. Ensemble (64) (Ours) 0.959 0.931 0.867 0.995 0.998 0.986 0.956

*AE: auto-encoder, *PL: perceptual loss, *L2: L2 loss
*(64): 64 64 resolution, *(256): 256256 resolution

Table 3.3: Comparsion of different model selection methods. The vaiuesld indicate the best perfor-
mance among the four methods. The underseahges indicate the second highest performance.

Method Validation using Only Normal Images | Normal & Abnormal
Last epoch| Normal Validation| Sample-wise Model Complete Validation

AE + PL (64) 0.828 0.841 0.830 0.848

AE + L2 (64) 0.547 0.562 0.606 0.644

AE + PL (256) 0.655 0.719 0.694 0.718

AE + L2 (256) 0.446 0.471 0.516 0.583

SkipGanomaly| 0.648 0.669 0.804 0.875

IGD 0.837 0.855 0.886 0.886

PANDA 0.942 0.942 0.935 0.944
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fail in some other datasets. The average ensemble results take advantage of anomaly detection from different
aspects and tend to achieve more robust results. Notably, the ensemble method surpasses the best models in
Hazelnut and Tile datasets and demonstrates competitive performance in other datasets. Moreover, the aver-
age AUC of the ensembled method across all datasets can outperform the best individual anomaly detection
method in our experiments. Table 3 is the comparison of different model selection methods for the best train-
ing epochs. It is observed that with the help of labeled abnormal data in the validation set, the results always
outperformed other methods across most of the datasets. The sample-wise selection method was performed
close to the complete validation set, but it requires larger saving memory and multiple times of inferences
for better performance. The epoch selected by the validation set with normal data only performed better than
the baseline method using the xed number of epochs, which is an ef cient and practical method for model

selection in anomaly detection.

3.5 Conclusion

In this paper, we assess the prevalent anomaly detection approaches on six image cohorts. Based on the
experiment results, we draw the following conclusions: (1) None of the evaluated methods consistently attain
the best performance across all datasets. (2) Current model selection methods commonly involve abnormal
images during the validation stage, inadvertently disclosing the abnormality and consequently yielding better
performance compared to a more stringent model selection approach that uses only normal images during
validation. (3) Our proposed simple ensemble method improves anomaly detection performance without

requiring knowledge of the abnormality.
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CHAPTER 4

In uence of Cell-type Ratio on Spatially Resolved Single-cell Transcriptomes using the Tangram

Algorithm: Based on Implementation on Single-Cell and MxIF Data

4.1 Introduction

Single-cell sequencing technologies allow for the comprehensive analysis of gene expression at single-cell
resolution with rich information. However, spatial interpretation of the single-cell data is challenging Chen
et al. (2019). On the contrary, the spatial information of imaging-based modalities — such as Multiplex
immuno uorescence (MxIF) and Multiplexed error-robust uorescence in situ hybridization (MERFISH) —
provide complementary information about spatial distribution and interactions between cells. However, such
modalities are shallower as compared with single-cell sequencing. The Tangram algorithm Biancalani et al.
(2021) bridges such a gap by mapping single-cell data to imaging data by mathematically modeling their
overlapped expressions.

A common application of mapping single-cell data to spatial data is cell annotation. The relatively accu-
rate annotation has been done on the single-cell data for the rich information. Then, the Tangram algorithm
can map such annotation results to the spatial data to allow the biologist to visualize, interpret, and validate
the single-cell annotation results.

Existing studies Li et al. (2022a) show the promising performance of the Tangram algorithm via two
modalities (i.e., single-cell and spatial data) sharing similar cell proportion distributions. However, in prac-
tice, two sets of data might come from different regions (and in some cases, even from the same tissue sample)
without having the same cell composition ratio. In this study, we access whether the Tangram algorithm is
still applicable under scenarios with mismatched cell-type ratios via both simulation and empirical mapping

of the cell annotation from single-cell data to MxIF data. The pipeline is shown in Fig 4.1

4.2 Method
4.2.1 Tangram Mapping Algorithm
The Tangram algorithm Biancalani et al. (2021) is designed to align the spatial data and single-cell pro les
based on non-convex optimization. It requires the two modalities to share some common genes. Then the
mapping matrix will be optimized by maximizing the correlation of shared genes.

Cells mapping: The Cells mode of the Tangram algorithm maps every individual cell of single-cell data
separately to the spatial data. The gene expression of single-cell data. The gene expression of single-cell data

Swith dimensionneels  NgenesaNd gene expression of the spatial dataith dimensioMyoyels Ngenesare
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Figure 4.1: The pipeline of mapping the cell-type label from single-cell data to MxIF data using the Tangram
algorithm. The mapping results are compared with the clustering results based on MxIF markers. The number
of cells used for the Tangram algorithm is resampled to simulate the dataset with different cell-type ratios.

used as inputs, whergenesdenotes the number of shared genes, g denotes the number of cells in the
spatial data. Spatial data volume is voxelized by the nest possible resolution, and the number of voxels is
Nvoxels 1he spatial data can also be voxelized at the individual cell resolution. In our work, the spatial data
is voxelized at the individual cell level to simplify the problem, but "voxels” is still used to distinguish the
"cells” of single-cell data. The algorithm aims to learn a mapping mattiwith dimensionnees  Nyoxels

whereM;;  Ois the probability of cell being mapped to voxel j. The Softmax operation is used to constrain

. Mvoxel
Mtosatisfy 0 M 1, & Mj=1.
i

N eMij
Mjj = softmaxM);; = e - (4.1)
alvoxeselflln

where theM is randomly initialized and updated after each iteration.

To learn the mapping matriM, Biancalani et al. (2021) proposed a three-term objective function:
~ Ngenes
FM =KL md a cosim (MTS) ;G «
k

MNvoxels
o

a cosim (MT9)j; ;G ;
J

(4.2)

The rst term KL denotes the Kullnack-Leibler divergence of cell density. Veetokith components

Neells

mj = & Mij=ncels Stands for the predicted cell density in voxelandd with the components 0 dj 1
1
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denotes the measured cell density in vojxahdnvéxe'dj = 1.So, the rst objective term aims to constrain the
similarities between the predicted cell densitiejs and the real cell densities of spatial data. When the voxels
are at individual cell resolution, the density is an uniform distribution. The second and third terms of the
objective function are to maximize the cosine similarity of predicted gene exprelssSiSand measured

gene expressioB for spatial data. The column similarity and row similarity were calculated separately.

The gradient-based optimization Adam is used to maximize the objective function until convergence.
Clusters mapping: Another mode of the Tangram algorithm was introduced in the Github https://github.
com/broadinstitute/Tangram. It sums up (in its default setting) the gene expressions of single cells belonging
to the same clusters. It is suggested when the spatial data and single-cell data do not come from the exact

same sample. Except for changing Bwith dimensionngeis  Ngenesto Swith dimensionngiysters  Ngenes
andM with dimensiomgejis  Ngenesto M with dimensiomgusters  Ngenes M is multiplied by a cluster density
termd_sourcg = Neelis= k=Neells, K = 1;2; 3:::Ngjustersfor the KL density term.

Map annotation and post-processing:When the mapping process converges, the leakhésiused to
map the annotatioA with the dimensiomees  Nannotationsfrom single-cell data to spatial data. The pre-
dicted annotation of spatial dataAganst = M'A. For cell-wise mapping, th® indicates an unnormalized
probability distribution over cell types for the voxel or cell. According to the Tangram algorithm, determin-
istic mapping can be de ned as assigning the most likely cell type in this distribution to each spatial cell. So,
when the annotation is cell-type classi cation, the categorized classi cation prediction of spatial data can be
generated. However, since the probability distribution over cell types is unnormalized, we have an assump-
tion that the deterministic results will tend to favor the majority of single-cell data and the minority of spatial

data when the cell-type ratio of single-cell data and spatial data is different.

4.2.2 Simulation of match/mismatch cell-type ratio

In this work, the percentage of different kinds of cells is de ned as the cell-type ratio. W ssendR_spto
denote the normalized cell-type ratio of single-cell data and spatial data, Rtsee Neejjs= k=Ncells; RS =

Nvoxels k=Nvoxels |If the cell-type ratios of the single-cell data and spatial data are different, the cell-type ratio
is mismatched.

Simulation experiments are designed to investigate the impact of mismatched cell-type ratios on classi-
cation mapping. To generate the data with certain cell-type ratios for simulation, cells are resampled from
the original data. In experiments, we compare the mapping performance of matched/mismatched cell-type
ratios under different mapping modes and using different numbers of shared genes. The class with maximum

probability was directly assigned for each cell.
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4.3 Data and Experiments

4.3.1 Data

Paired single-cell data and MxIF spatial data extracted from the adjacent tissue samples of a patient with
severe Crohn's disease were used in this work. To process the single-cell data for the scRNA-seq count
matrix, cells were encapsulated using a modi ed inDrop platform Klein et al. (2015) and the TruDrop
Southard-Smith et al. (2020) protocol was used for the sequencing libraries. And then the read count of
scRNA-seq was demultiplexed, aligned and corrected with the DropEst Petukhov et al. (2018) pipeline and
STAR aligner Dobin et al. (2013). The protocol for running this pipeline was introduced by Chen et al.
(2021a). Finally, 18916 scRNA-seq counts were available for 1776 cells. MxIF is an emerging technique
that assesses a single tissue section with multiple cellular and histological markers Lin et al. (2015). Cells of
MxIF data were segmented by Berg et al. (2019) with the pipeline proposed by McKinley et al. (2022). The
MxIF 1550 1550un¥ image patch used in this work contains 3725 cells. For each segmented cell of spatial
data, the medium intensity of each marker within the cell region was used as the MxIF feature. 21 pairs of
related MxIF markers and gene expression of single-cell data were selected based on the generally accepted
gene and protein names as the shared features for Tangram mapping. Fig 4.3 and Fig 4.4 show the distribution
of the 21 paired single-cell features and the MxIF data features according to cell types. It is noticed that most
of the MxIF features are positively proportional to single-cell features for T cells and Epithelial cells. As for
more classes of cells, many pairs still show positively proportional relationships, but the correspondences are
more complicated, which is a more challenging situation for mapping.

For the cell-type annotation, the K-nearest-neighbor-based clustering method and manual annotation
pipeline described in the work Li et al. (2022b) was implemented to classify the single cells into 6 classes:
Epithelial (1144), Goblet (252), Macrophage (136), Neutrophil (126), T (104) and EEC (14). Similarly, the
cells of the MxIF data were annotated in the same way using all 29 MxIF markers. 634, 138, 556, 184, 1808
and 75 number of the above 6-kind of cells were labeled separately in the MxIF image patch. The annotation
of MxIF data was used as pseudo labels to evaluate the mapping results. Also, the clustering results of these

two modalities were used in re-sampling to generate the simulation datasets.

4.3.2 Experimental settings

Simulation experiments were divided insame-modal mappingand cross-modal mapping For same-

modal mapping, cells of both single-cell data and spatial data were re-sampled from the single-cell data. It
was simple and exible to evaluate the mapping of different situations. For cross-modal mapping, single-cell
data were mapped to the MxIF data. This was a more challenging mapping for limited shared features and

the expression difference between the two modalities.
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Same-modal mapping

Every dataset contained 200 cells resampled from the original single-cell dataset, but the cell type ratio
could be different.

1) Matched cell-type mapping and mismatched cell-type mapping of T cells and Epithelial cells. Three
levels of cell-type ratio 5:5, 3:7 and 1:9 were used to validate whether the mapping performance would be
worse if the gap between cell-type ratios of the two data was larger.

2) Matched cell-type mapping and mismatched cell-type mapping of all 6 types of cells.

The above experiments were done under different situations:

a) 271 shared genes or 21 shared genes. Here, the 21 genes were the ones had correspondences of MxIF
markers, and 250 other genes were randomly added for the case with more shared genes.

b) Cells mapping mode or clusters mapping mode.

c¢) Objective function with density loss or without density loss.

Cross-modal mapping

For cross-modal mapping, cells of single-cell data were kept or re-sampled to the number of cells of each
cell-type in spatial data to simulate the cell-type ratio matched and mismatched situation. Only the 21 shared
features could be used.

1) Matched cell-type mapping and mismatched cell-type mapping of T cells and Epithelial cells.

2) Matched cell-type mapping and mismatched cell-type mapping of all 6 types of cells.

Specially, only the column similarity but no row similarity of the predicted feature distribution and the
measured feature distribution was used for cross-modal mapping because the relationship between features
might not be consistent in the two modalities. According to the TangramBiancalani et al. (2021), the row
similarity only was not necessary in practice.

The cells mapping mode and clusters mapping mode were used separately for the cross-modal mapping
experiments.

The Argmax function was used to assign the spatial data to the class with the largest probability. All the
experiments were repeated 10 times with random re-sampling to reduce random errors. Maximum iterations
were set to 1000, and all experiments were converged. If not mentioned, default settings of the Tangram

algorithm were used.

4.3.3 Evaluation
For the qualitative evaluation, regular classi cation evaluation metrics such as macro F1, macro precision and
macro recall are used to evaluate the results of mapping and pseudo labels. As for quantitative evaluation,

images of real spatial data with classi cation labels are displayed. In addition, the overlapped genes that
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Table 4.1: Same-modal 2-class classi cation results in the case of different cell-type ratios, different numbers
of shared features (21 or 271) and different mapping modes with and without the density loss. (Values in bold
are to highlight the best performance of the cell-type ratio when other experimental settings are the same.)

T: Epithelial | Cells mode (w/ Density) Clusters mode (w/ Density)

Features| R.sc | R.sp | AUC f1_macro precisionmacro | recalLlmacro AUC f1_macro precisionmacro | recallmacro

55 5:5 ] 0.917 +/- 0.003] 0.968 +/- 0.009] 0.969 +/- 0.008 | 0.968 +/- 0.009| 0.614 +/- 0.006] 0.936 +/- 0.017| 0.937 +/- 0.017 | 0.936 +/- 0.017
37 5:5 | 0.915 +/- 0.003] 0.822 +/- 0.030] 0.872 +/- 0.017 | 0.828 +/- 0.028] 0.598 +/- 0.004] 0.938 +/- 0.014] 0.943 +/- 0.013 | 0.938 +/- 0.013
1:9 5:5 | 0.906 +/- 0.006| 0.384 +/- 0.028| 0.756 +/- 0.004 | 0.524 +/- 0.014] 0.569 +/- 0.003| 0.895 +/- 0.014] 0.913 +/- 0.010 | 0.896 +/- 0.014
271 55 3:7 | 0.907 +/- 0.005| 0.933 +/- 0.019] 0.920 +/- 0.021 | 0.954 +/- 0.015| 0.589 +/- 0.004| 0.844 +/- 0.021] 0.835 +/- 0.018 | 0.892 +/- 0.018
55 1:9 | 0.888 +/-0.006| 0.632 +/- 0.021] 0.638 +/- 0.011 | 0.851 +/- 0.019] 0.556 +/- 0.005| 0.612 +/- 0.027| 0.630 +/- 0.012 | 0.839 +/- 0.021]
37 3:7 | 0.906 +/- 0.004| 0.945 +/- 0.012] 0.968 +/- 0.007 | 0.929 +/- 0.016| 0.592 +/- 0.004| 0.911 +/- 0.024] 0.898 +/- 0.025 | 0.935 +/- 0.019
1:9 1:9 | 0.887 +/-0.006] 0.815 +/- 0.062] 0.974 +/- 0.006 | 0.750 +/- 0.063] 0.571 +/- 0.009] 0.758 +/- 0.030] 0.713 +/- 0.023 | 0.922 +/- 0.019
55 5:5 | 0.911 +/- 0.004| 0.926 +/- 0.020| 0.927 +/- 0.020 | 0.927 +/- 0.020| 0.573 +/- 0.005| 0.910 +/- 0.021| 0.913 +/- 0.020 | 0.911 +/- 0.021

21 37 5:5 ] 0.903 +/- 0.006| 0.803 +/- 0.022] 0.856 +/- 0.012 | 0.810 +/- 0.020] 0.570 +/- 0.003| 0.876 +/- 0.019| 0.898 +/- 0.014 | 0.878 +/- 0.019
1:9 5:5 | 0.863 +/- 0.019] 0.391 +/- 0.015| 0.747 +/- 0.031 | 0.527 +/- 0.008| 0.554 +/- 0.004| 0.838 +/- 0.018| 0.876 +/- 0.012 | 0.842 +/- 0.017
T: Epithelial | Cells mode (wo/ Density) Clusters mode (wo/ Density)
Features| R.sc | R.sp | AUC fl_macro precisionmacro | recalLmacro AUC f1_macro precisionmacro | recalLlmacro

55 5:5 | 0.918 +/- 0.003| 0.971 +/- 0.009] 0.972 +/-0.009 | 0.972 +/- 0.009| 0.612 +/- 0.007| 0.934 +/- 0.019| 0.935 +/- 0.019 | 0.935 +/- 0.019
3.7 5:5 | 0.915 +/- 0.003| 0.853 +/- 0.025| 0.888 +/- 0.015 | 0.856 +/- 0.024| 0.601 +/- 0.006| 0.943 +/-0.011] 0.947 +/- 0.011 | 0.944 +/- 0.011
1:9 5:5 | 0.907 +/- 0.006| 0.479 +/- 0.035| 0.770 +/- 0.006 | 0.574 +/- 0.019| 0.572 +/- 0.005| 0.893 +/-0.017| 0.913 +/- 0.012 | 0.895 +/- 0.017
271 55 3:7 [ 0.907 +/- 0.005] 0.936 +/- 0.017] 0.922 +/-0.019 [ 0.956 +/- 0.014] 0.590 +/- 0.004] 0.852 +/-0.016] 0.841 +/-0.014 | 0.895 +/- 0.014
5.5 1:9 | 0.888 +/-0.006| 0.657 +/- 0.024| 0.650 +/- 0.013 | 0.868 +/- 0.018| 0.561 +/- 0.006| 0.627 +/- 0.025| 0.636 +/- 0.012 | 0.849 +/- 0.021]
3.7 3:7 | 0.906 +/- 0.004| 0.946 +/- 0.011] 0.968 +/-0.007 | 0.929 +/- 0.014| 0.590 +/- 0.004| 0.908 +/- 0.022| 0.894 +/- 0.023 | 0.931 +/- 0.017
1.9 1:9 | 0.887 +/-0.006| 0.792 +/- 0.054| 0.971 +/- 0.005 | 0.725 +/- 0.051] 0.569 +/- 0.009| 0.759 +/- 0.029| 0.714 +/-0.022 | 0.923 +/- 0.018
5.5 5:5 | 0.912 +/- 0.004| 0.922 +/- 0.026| 0.923 +/- 0.026 | 0.922 +/- 0.026| 0.533 +/- 0.009| 0.906 +/- 0.020| 0.908 +/- 0.020 | 0.906 +/- 0.020
21 3.7 5:5 | 0.905 +/- 0.005| 0.857 +/- 0.019] 0.882 +/-0.012 | 0.859 +/- 0.018| 0.533 +/- 0.010| 0.902 +/- 0.013| 0.909 +/- 0.012 | 0.902 +/- 0.013
1.9 5:5 | 0.867 +/- 0.030] 0.595 +/- 0.031] 0.789 +/- 0.008 | 0.646 +/- 0.021| 0.514 +/- 0.010| 0.874 +/- 0.015| 0.896 +/- 0.011 | 0.875 +/- 0.014

Table 4.2: Same-modal 6-class classi cation results in the case of matched and unmatched cell-type ratios,
different numbers of shared features and different mapping modes without the density loss.

6-Classes Cells (Row Sim + Cos Sim + wo/ Density) Clusters (Row Sim + Cos Sim + wo/ Density)
R_sc AUC f1_macro precisionmacro | recallmacro AUC f1_macro precisionmacro | recallmacro
. 0.939 +/- 0.002| 0.933 +/- 0.009| 0.934 +/- 0.009 | 0.933 +/- 0.009| 0.667 +/- 0.010| 0.888 +/- 0.016| 0.890 +/- 0.015 | 0.887 +/- 0.016
0.937 +/- 0.002| 0.799 +/- 0.027| 0.858 +/- 0.018 | 0.806 +/- 0.024| 0.673 +/- 0.013| 0.833 +/- 0.025| 0.851 +/- 0.024 | 0.835 +/- 0.024]
0.948 +/- 0.002| 0.917 +/- 0.020[ 0.944 +/- 0.018 | 0.899 +/- 0.023| 0.689 +/- 0.017| 0.794 +/- 0.027| 0.774 +/-0.022 | 0.865 +/- 0.027|
0.947 +/-0.001| 0.854 +/- 0.015| 0.829 +/- 0.015 | 0.910 +/- 0.010[ 0.657 +/- 0.009| 0.787 +/- 0.026| 0.766 +/- 0.022 | 0.864 +/- 0.019]
: 0.933 +/- 0.001| 0.815 +/- 0.011| 0.815 +/- 0.012 | 0.817 +/- 0.011] 0.652 +/- 0.025| 0.698 +/- 0.015| 0.714 +/- 0.015 | 0.697 +/- 0.016
2:5:8:12:15:18 0.922 +/- 0.033| 0.716 +/- 0.019| 0.777 +/- 0.017 | 0.723 +/- 0.018| 0.650 +/- 0.032| 0.691 +/- 0.017| 0.709 +/- 0.019 | 0.694 +/- 0.014]
2:5:8:12:15:18| 2:5:8:12:15:18| 0.943 +/- 0.001| 0.794 +/- 0.018| 0.814 +/- 0.020 | 0.782 +/- 0.019| 0.667 +/- 0.049| 0.676 +/- 0.015| 0.675 +/- 0.016 | 0.699 +/- 0.019
1:1:1:1:1:1:1 | 2:5:8:12:15:18| 0.889 +/- 0.054| 0.744 +/- 0.021] 0.723 +/- 0.022 | 0.805 +/- 0.015| 0.628 +/- 0.034| 0.650 +/- 0.013| 0.645 +/- 0.013 | 0.695 +/- 0.017|
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Figure 4.2: Cross-modal Classi cation results of T cells and Epithelial cells (left-side) and 6-cell-type (right-
side) in the cases of matched and mismatched cell-type ratios. For each side, the top-left and bottom-left
images are the MxIF images with partial markers and the pseudo ground truth for classi cation. The intensity
window size of the MxIF image is tuned for illustration purposes. It is observed that the mappings with
matched cell-type ratios performed better than the ones without. The clusters mode is more robust to the
cell-type ratio mismatched situation than the cells mode.

are not used for training can t the spatial sparsity - similarity score curve as a validation Biancalani et al.
(2021). A large under the curve value (AUC) indicated better tting. However, the AUC values for cells
mode and cluster mode are not comparable since the cluster-level feature vector of the clusters mode lost

more variability of feature mapping.

4.4 Results and Discussion
The results of same-modal mapping are shown in Table 4.1 and Table 4.2, while the results of cross-modal
mapping are displayed in Table 4.3 and Fig 4.2. It can be noticed that: 1) the mapping with a matched
cell-type ratio always achieved better classi cation performance than the mismatched case. 2) From the
same-modal mapping results, the mapping with more shared features usually outperformed the mapping with
fewer features. 3) Also, the density loss adds more constraint for the same-modal mapping, but it did not
help the performance obviously. The model performance was even worse when the cell-type ratios were very
mismatched. 4) The clusters mode always outperformed the cells mode when the cell-type ratio was very
mismatched, but it did not always outperform the cells mode when the cell-type ratio was matched.
Experiment results indicate the negative in uence of mismatched cell-type ratios on the annotation map-
ping. According to the formula 4.1, the Softmax function constrained the sum of the probability assigned by a
cluster (clusters mode) or a cell (cells mode) of the source modality to be 1. Then, if the cell-type ratio is mis-
matched for the source modality and target modality, the sum of assigned probability is mismatched with the
sum of probability required. If the entropy of assigned probability is not small enough (i.e., in addition to the

true positives, many false positives also receive the probability), the categorized results tend to skew toward
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Table 4.3: Cross-modal Classi cation results in the case of matched and unmatched cell-type ratios

.| cells mode (col sim + wo/ density clusters mode (col sim + wo/ density)
Cell types Cell-type Ratio — —
f1_macro precisionmacro | recalLmacro f1_macro precisionmacro | recalLlmacro
matched 0.886 +/- 0.014| 0.919 +/- 0.009 | 0.863 +/- 0.016| 0.908 +/- 0.003| 0.886 +/- 0.003 | 0.944 +/- 0.002,
TE

mis-matched | 0.236 +/- 0.003| 0.632 +/-0.000 | 0.513 +/-0.001| 0.759 +/- 0.009| 0.767 +/- 0.005 | 0.846 +/- 0.006
matched 0.298 +/- 0.007| 0.325 +/-0.010 | 0.293 +/- 0.006| 0.329 +/- 0.024| 0.352 +/- 0.018 | 0.386 +/- 0.036

Epithelial, Goblet, Macrophage,
Neutrophil, T, EEC mis-matched | 0.161 +/- 0.010] 0.278 +/- 0.020 | 0.254 +/- 0.017| 0.287 +/- 0.012] 0.324 +/-0.009 | 0.373 +/- 0.017

dominant classes whostsq=R s is large. This inference is con rmed by Fig 4.2. There are much more
false positives of epithelial cells than T cells since B8 pithelia=R-S Repithelial IS larger tharR_scr=R_spr.

If the cell-type ratio of the target modality can be estimated, the offset of the cell-type ratio difference can
be introduced in the pipeline to relieve this problem. Although the cross-modal mapping is challenging, the
clusters mode for 6-type cell classi cation shows promising results, especially in the cell-type ratio matched
situation. The top region highlighted by the yellow box was stained by the MUC2 marker, a special marker
for the Goblet cell. However, the pseudo ground truth did not recognize the Goblet cells in this region, which

were corrected by the Tangram mapping.

4.5 Conclusion

In this work, we implemented the Tangram algorithm on a cell-type classi cation task. The annotation of cell
types was mapped from the single-cell RNA-sequence data to the MxIF spatial data. Simulation experiments
showed the negative impact of mismatched cell-type ratios on the mapping. Future work can be learning the

cell-type ratio automatically to compensate for the mismatched cell-type ratio for stable mapping.
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Figure 4.3: Distribution of the 21 paired single-cell features and the MxIF data features according to T cells
and Epithelial cells. Most of the MxIF features are positively proportional to single-cell features for T cells
and Epithelial cells.

Figure 4.4: Distribution of the 21 paired single-cell features and the MxIF data features according to the 6
cell types. Still, many feature pairs show a positively proportional relationship.
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