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Abstract 

The presence of gut microbiome can have a significant impact on a person’s health and diseases. 

Gut microbiome that are collected from different locations tend to have different measurement 

even though they are the same samples due to the difference in equipment or handling creating 

batch effects. Rheumatoid arthritis is an autoimmune disease that affects multiple joints especially 

the finger leading to joint damage. A highly trained medical professional is often required to 

monitor the development of joint damage in a resource limited area which can reduce the efficiency 

to review the joint damage. In this MSc thesis, we show how using deep learning was able to 

classify longitudinal gut microbiome with missing data and ways to resolve missing data using 

imputation methods or padding methods. We also develop a deep learning for joint detection on 

rheumatoid arthritis patients, and that YOLOv5l6 is able to predict the bounding boxes of joints 

of rheumatoid arthritis patients with high performance even though YOLOv5l6 was trained on 

healthy joints. Pre-training with COCO dataset with YOLOv5l6 before training on the healthy 

joints was able to improve the performance of joint detection. Moreover, we also propose a deep 

learning autoencoder and extended LassoNet to classify disease status and remove batch effect in 

a single forward step through the analysis of the oral microbiome. 
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Chapter 1 Introduction and Background 

1.1 Metagenomics 

Genomics is the study of the genome of a single organism and the interaction of the genome with 

its environment including the genes of other organisms. In the past, cultivated clonal cultures were 

needed to undergo genome sequencing. Such method causes a vast majority of the diversity of the 

ecology of microorganism to be missed [1]. An estimated of more than 99% of the microorganism 

are not observed in cultivated culture [2].  

 

Instead of using cultivated clonal cultures, metagenomics studies the genetic materials by directly 

sampling the environment. Metagenomics is powerful as it has the ability to analyse and expose a 

wide diversity of microorganisms in an environment, providing a huge potential in understanding 

the biological world [3]. 

 

In order to analyse genomic data or to determine the taxa of the microbiome of an environment, 

sequencing is needed. There are several sequencing methods that can be used but we will talk 

about the two widely used sequencing methods: 16S Sequencing and shotgun metagenomic 

sequencing. 

 

1.1.1 16S rRNA Gene Sequencing 

16S rRNA gene sequencing is a type of sequencing that reads the region of the 16S rRNA gene 

which is found in bacteria, archaea and eukaryote. 16S rRNA gene is highly conserved and does 

not change much, making it a highly suitable region for identification. PCR is first used to amplify 
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the 16S rRNA gene. The amplified regions are then processed and sequenced. The sequenced data 

are analysed with a 16S reference database to identify the type of microorganism. The amplified 

16s rRNA gene sequencing is limited to these bacteria, archaea, and eukaryote as 16s rRNA gene 

sequencing can only identify these microorganisms. The identification of viruses would require 

metagenomic sequencing as viruses do not contain 16S gene. 

 

1.1.2 Shotgun Metagenomic Sequencing 

Unlike 16S sequencing which reads only the 16S rRNA gene, shotgun metagenomic sequencing 

sequences the entire genome in organisms. This helps researchers evaluate the abundance and 

diversity of microbes in the environment. Shotgun metagenomic sequencing works by obtaining 

all the genomes in a given sample. Then, the DNAs are broken down into smaller pieces of 

fragments which are made possible to be analysed and sequenced independently. The pieces of 

fragments are compared with each other and overlapping reads are assembled together to form a 

continuous sequence. A reference database can then be used to compare against the sequences for 

identification. As shotgun metagenomics sequencing targets all the genetic material in a sample, 

the information can be used for additional analysis including but not limited to metagenomic 

assembly and binning, antibiotic resistance gene profiling, and metabolic function profiling. 

 

Moreover, the advancements in technology have enabled cheaper sequencing that increased the 

amounts of metagenomic sequencing data publicly available. This has enabled the availability of 

large amount of metagenomic sequencing paired with disease information from patients [4]. 
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1.2 Microbiome 

Microorganisms exist everywhere inside and outside our bodies. They inhabit the skin, nose, eyes, 

gut, and even oral cavity. The human body makes up of at least a trillion microorganisms, around 

10 times more than the human cells excluding red blood cells [5], [6].  [120] gave a general 

statement that there exists between 10#$ − 10#&cells in the human body. An estimation of human 

total cells calculated on a variety of cell types and organs were found to be 3.72 × 10#, [121]. If 

we do include red blood cells, the total count for both human cells and the microorganism will 

come close to each other resulting in around 3.0 × 10#, for human cells and 3.8	 × 10#, [6]. 

However, due to their small size, they only make up around 3 percent of a human bodyweight. A 

person with 100 pounds of weight will consist of at most 3 pounds of weight from microorganism. 

Depending on the type of microorganisms, they can cause sickness to human bodies. Often times, 

they aid with our survivability, essentially providing important functions for humans.  

 

1.2.1 Gut Microbiome 

Gut microbiome is closely related and plays an important role in the human health [7], [8]. Many 

microorganisms especially in the gut intestine tract provides a lot of benefits for humans. They 

help with absorption of ions, vitamin production, protection against harmful bacteria, improve 

immune system, etc. [15]–[19]. Researchers also stated that the gut microorganism can have an 

effect on human’s mental state [20], nervous system [21], Parkinson’s disease [22], seizures [23], 

Schizophrenia [24], hypertension [25], atherosclerosis [26]. Exercise and diet can also change the 

composition of the gut microbiome suggesting that treatment on the gut microbiome can affect the 

daily life of a person [9]–[11]. The microorganisms in the gut produces metabolites that can 
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regulate inflammation and create an immune process for diseases which shows an availability in 

creating treatment through metabolites supplements [12]–[14]. 

1.2.2 Oral Microbiome 

The way food passes through the oral cavity can have a big impact on the digestion of the food as 

food are typically chewed up into smaller particles before entering the stomach to increase the 

surface area. One of the databases that contains oral microbiome, sequenced with a 16S rRNA 

identification tool, can be found in the Human Oral Microbiome Database (HOMD) [27]. Similar 

to gut microbiome, there is a large diversity of microorganisms in the oral cavity [28]. There exist 

more than 700 species of bacteria in the oral cavity which are important for the nourishment of 

microorganisms living in the mouth [29]. Microorganisms in the oral cavity can have a high chance 

of spreading to nearby location including the nose and the ears. They have been shown to cause 

several oral infections --- gum disease, tooth decay, root canal infections, and tonsillitis 

[27].  Additionally, they could also have an effect on stroke [30], diabetes [31], pneumonia [32], 

and cardiovascular disease [33], [34]. Metagenomics and microbiomics have emerged as tools to 

identify the different types of microbes in the body [35]. Instead of relying on cultivated culture to 

sequence genomes, metagenomics can sequence the genomes directly from samples obtained from 

environments [36]. The oral microbiome is one of a well-studied human microbiome to date due 

to the ease of obtaining samples from the oral cavity [37].   

 

1.3 Rheumatoid Arthritis 

Rheumatoid arthritis (RA) is an autoimmune disease that affects multiple small and large joints 

leading to joint damage.  The earliest findings for rheumatoid arthritis are usually found in the 
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proximal interphalangeal (PIP) joints and metacarpophalangeal (MCP) of the hands, the wrists, 

and the metatarsal pharyngeal (MTP) joints of the feet [38]. Rheumatologists rely on a variety of 

clinical clues to diagnose RA and to determine optimal antirheumatic therapy with a goal of 

preventing joint damage [39]. Standard radiographs are usually used to identify and monitor for 

the development of joint damage which is manifested as joint space narrowing and erosion. This 

often requires a highly-trained medical professional to review the radiographs and in resource 

limited regions, there can be limited timely access to these professionals. [40]–[44] 

1.4 Machine Learning 

Artificial intelligence are computer systems that are able to perform tasks that require human 

intelligence. To further advance the technology of artificial intelligence, machine learning was 

introduced. Machine learning models are able to learn from data and predict outcomes without 

being explicitly programmed to do so. Machine learning models carry out this process by learning 

and recognizing general patterns through data which consists of inputs with labels. For instance, 

there is an image of a dog and a text, “dog”. When we feed the image of a dog to the machine 

learning model, the machine learning model will learn to classify that image as “dog”. Machine 

learning models however tend to deteriorate when the distribution needed to learn is very complex. 

There are several ways to train machine learning. Two of the ways are supervised learning and 

unsupervised learning. Supervised learning is an approach where the dataset consists of inputs and 

labels. The labels are used to train the machine learning models to classify or predict the outcome 

based on the inputs. Unsupervised learning is an approach where the dataset used to train the 

machine learning models only consists of inputs. There are no labels in the dataset. Unsupervised 

learning approach helps machine learning models to discover hidden patterns in the dataset by 

carrying out clustering, association, and dimensionality reduction. 
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1.4.1 Deep Learning 

When it comes to modeling complex distributions, deep learning surpasses machine learning as 

deep learning models can generalize complex distributions much better. Deep learning consists of 

building blocks of neural networks stacked on top of each other, creating deep layers, hence the 

word “deep”. Deep learning does however require more samples to learn from to model more 

complex distributions and to achieve a higher performance than machine learning models. 

Otherwise deep learning models would overfit/memorize the dataset instead of 

generalizing/understanding the data itself.  Deep learning has been substantially applied to a 

diverse field including computer vision [45]–[53], natural language processing [54]–[59], speech 

processing [60]–[64], and planning [65]–[70]. 

 

Moreover, deep learning has been applied in omics data including microbiome data. Deep learning 

is suitable for these data as these data can be highly dimensional and have a complex distribution. 

As the distributions in the microbiome data can be used to find associations with disease status, 

disease severity, and disease classification, deep learning can be used to find the corresponding 

disease through the microbiome data by learning and extracting complex patterns. 
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Chapter 2 Motivation and Research Objectives 

2.1 Motivations 

2.1.1 Gut Microbiome 

Since gut microbiome is dynamic in nature, there contains more disease-specific information in 

longitudinal gut microbiome than a single time point in gut microbiome. Machine learning models 

may achieve a high performance in predicting disease severity with a low amount of data (e.g. low 

dimensional data) but will not be able to model data with complex distributions (e.g. high 

dimensional data) as well as deep learning. We propose to use deep learning to model the complex 

distribution of longitudinal gut microbiome profiles to determine disease severity of patients. 

There exists also missing data at specific time points in patients as gathering data for longitudinal 

gut microbiome from patients can be difficult. We will experiment with several methods including 

data imputation to solve the missing timepoints. As there is a limited amount of data available for 

longitudinal gut microbiome, this would cause issues on deep learning models as deep learning 

models require a good amount of data to perform well. We will use self-knowledge distillation to 

solve this issue to improve the performance of the deep learning models. We will also run 

sensitivity analysis on the different number of timepoints used to classify the disease severity of 

longitudinal gut microbiome to determine the cutoff point of timepoints needed to classify disease 

severity through the gut microbiome before the performance is affected. 
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2.1.2 Batch Effect in Oral Microbiome 

Batch effects are scenarios where factors that are not related biologically cause change of data in 

an experiment. This can happen when experiments are carried out with a difference in location, 

time, tools, or equipment. Batch effects can skew data and cause classification to be incorrect due 

to the unrelated factors. It is important for us to include batch effects into experiments and to 

remove them so that any classification done is more accurate. However, it can be complicated to 

extract and remove batch effects from studies as the variation in batch effects is not very 

straightforward. We will experiment using an end to end deep learning model to classify disease 

status of oral microbiome using several studies with batch effects simultaneously. The oral 

microbiome studies that we will use are Agnello 2017 [71], Gomez 2017 [72], Teng 2015 [73], 

Vivianne 2020 [74], Kalpana 2020 [75].  

 

2.1.3 Rheumatoid Arthritis 

To the best of our knowledge, there is no publicly available rheumatoid arthritis dataset on joint 

detection that we could use to train our deep learning models on. We will use one of the state-of-

the-art object detections on rheumatoid arthritis patients. We will show that even without a 

rheumatoid arthritis dataset for joint detection, we were still able to achieve a good performance 

on detecting the hand joints of rheumatoid arthritis patients. Being able to detect joints of 

rheumatoid arthritis patients will open up a wide variety of applications including but not limited 

to determining the severity score of rheumatoid arthritis through individual joints using artificial 

intelligence. 
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2.2  Research Objectives 

This thesis covers three research objectives: 

 

• Aim 1: Use deep learning network with self-knowledge distillation to analyze multiple time 

points of longitudinal gut microbiome to classify disease severity and the presence of allergies 

in subjects with missing timepoints. (Chapter 3) 

• Aim 2: Classify disease severity of subjects through oral microbiome with batch effects taken 

into account using autoencoder and LassoNet with robust loss, batch loss and ranger optimizer. 

(Chapter 4) 

• Aim 3: Detect joints of rheumatoid arthritis of patients without being trained on rheumatoid 

arthritis patients’ joints as there is a limited amount of data available. (Chapter 5) 
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Chapter 3 A self-knowledge distillation-driven CNN-

LSTM model for predicting disease outcomes using 

longitudinal microbiome data 

3.1 Introduction 

Our human body contains a highly dynamic microbial environment called the gut microbiome 

[76]. The gut microbiome changes over time due to the presence of microbes, interacting with the 

environment and between microbes and the host. The gut microbiome can be influenced by 

infections or medical interventions over time resulting in a different microbial composition [77]. 

The recent advancements in technology have enabled cheaper sequencing that increased the 

amounts of metagenomic sequencing data publicly available. This has enabled the availability of 

a large amount of metagenomic sequencing paired with disease phenotypes from patients [4]. Due 

to the large amount of publicly available data of metagenomic sequencing, researchers have been 

motivated to use machine learning models and deep learning models to extract the features of the 

metagenomic sequencing data to predict their disease outcomes and phenotypes.  

 

LaPierre et al. reviewed a variety of machine learning models and feature extraction methods on 

an analysis of Type 2 Diabetes [78]. In metagenome-based disease prediction, the most commonly 

used machine learning models are support vector machine (SVM) [79] and Random Forest (RF) 

[80]. They are able to output the most informative features that include the microbes or the 

functional elements which contributes the most to the disease prediction in the area of 

metagenome-context disease prediction. The informative features can be used to provide insight 

into the relationship between the microbiome and the disease. Additionally, deep learning has also 
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been used to predict disease through metagenomic sequencing data. Deep learning can learn more 

complex functions with more layers. However, the interpretability of deep learning models can be 

reduced as more complex functions are produced.  

 

Rahman and Rangwala proposed to use a new Multi-Instance Learning (MIL) to determine the 

clinical phenotype from metagenomic sequencing data [81]. They tested their model on Liver 

Cirrhosis study [82] and Inflammatory Bowel Disease (IBD) study [83]. They showed that their 

model was able to outperform other comparative MIL [84]–[86] and non-MIL methods [83], [87]. 

Multi Instance Learning is a weakly supervised approach that contains bags of instances with 

labels. In a MIL approach, rather than having each instance containing a label, there will be a bag 

of instances where the bag will contain the label. In a binary case, bags that contain at least one 

positive instance will be assigned with a label of 1. Bags that contain all negative instances will be 

assigned a label of 0. They were able to achieve an area under the receiver operating characteristic 

curve (ROC-AUC) score of 0.8442 for IBD dataset and an AUC score of 0.9272 for Liver Cirrhosis 

dataset. However, the methods showed only to extract features from a single time-points, missing 

valuable information of the temporal changes of the gut microbiome. As gut microbiome is highly 

dynamic in nature, the temporal information can contain rich information about the individual’s 

microbe environment and how they would affect disease.  

 

Sharma and Xu proposed a novel deep learning framework called “phyLoLSTM” that uses 

convolutional neural network to extract the features and LSTM to analyse the temporal 

dependency in microbiome sequencing data with the host’s factors to determine the disease [88]. 

They also proposed a novel data pre-processing that is able to handle the variable timepoints in 

each subject, and weight balancing to handle the imbalance classes in the dataset. They tested their 
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model on simulated dataset and real dataset. They tested their models on two real studies, 

DIABIMMUNE [89] and DiGiulio [90]. The DIABIMMUNE study includes three country cohorts 

that determined food allergy outcomes of subjects to milks, peanuts, eggs and overall. DiGiulio 

study contains the preterm delivery as outcome based on the microbial taxa from vagina, saliva, 

distal gut, and gum. They showed that their method was able to achieve 0.897 AUC on simulated 

dataset, 0.713 AUC and 0.762 AUC on the DIABIMMUNE and the DiGiulio datasets, 

respectively.  

 

Chen et al. stated that single-point prediction cannot capture the dynamic patterns of the temporal 

changes between gut microbiome and host status [91]. They proposed to use a deep learning 

network, specifically Gated Recurrent Unit (GRU) [92], that uses longitudinal microbiome 

sequential data to feed into the deep learning network to predict the human host status. They tested 

their methods on both semi-synthetic and real datasets [25], [89], [93]–[99]. The semi-synthetic 

dataset is from [100] and the same setting and parameters based on a Microbiome Interpretable 

Temporal Rule Engine (MITRE) [101] were used. A pipeline of data pre-processing was 

undergone to further improve the performance of the deep learning networks. They were able to 

achieve high performance compared to other baseline classifiers and improve the evaluation time 

taken to classify the subjects. 

 

Metwally et al. investigated using LSTM to predict food allergies through the use of the features 

from longitudinal gut microbiome profiles [102]. They compared their model against machine 

learning models including Hidden Markov Model [103], Multi-Layer Perceptron Neural Network 

[104], Support Vector Machine [79], least absolute shrinkage and selection operator (LASSO) 

Regression [105], and Random Forest [106]. They also reduced the microbial features by using 
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sparse autoencoder [107] to extract the latent representations of the microbial features in addition 

to using Minimum Redundancy Maximum Relevance (mRMR) and ranking based on variance to 

select standard feature before the training of the LSTM network. The latent representations of 

sparse autoencoder achieved the highest performance compared to using mRMR and ranking 

based on variance achieving an ROC-AUC of 0.67. The study showed that the learning of LSTM 

can be useful to be used on another longitudinal microbiome data dataset as well in predicting 

subject’s clinical outcome. 

 

García-Jiménez et al. integrated deep learning techniques to condense the microbial composition 

into a deep latent space representations with less but rich features from plant microbiome data 

[108]. They showed that using deep learning techniques, they are able to predict the plant 

microbiome composition through the use of environmental factors including temperature, plant 

age, and precipitation. They showed that transfer learning was able to improve the performance 

further. They experimented with different orders to transfer the features over from Maarastawi 

dataset [109] to Walters et al dataset [110].  Using Pearson correlation and Bray-Curtis 

dissimilarity, and the best transfer features is the phylum order achieving 0.9451 Pearson 

correlation and 0.1833 Bray-Curtis dissimilarity. 

 

As deep learning networks require a huge amount of data to prevent overfitting, deep learning 

networks are more prone to overfitting when trained on gut microbiome datasets because of the 

lack of a huge data availability. Zhang et al. proposed a general training called self-distillation 

which improves the performance of deep learning networks [111]. Self-distillation is similar to 

knowledge distillation where a student network’s distribution is encouraged to share similar 

distributions or weight features with the teacher network’s weight features. However, instead of 
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learning from a teacher network, self-distillation learns from its network itself. The network is 

separated into separate shallow sections and the learned knowledge of the deeper parts of the 

network is shared with the shallow sections of the network. They showed that this technique was 

able to improve the accuracy at an average of 2.65%, having a variation between 0.61% to 4.07% 

using ResNeXt [112] and VGG19 [113] respectively. 

 

Kim et al. proposed a simple but effective regularization method by using a self-distillation called 

progressive self-knowledge distillation (PS-KD) [114]. It does self-distillation by progressively 

regularizing the training using the model’s previous epoch weights. The model’s previous epoch 

weights act as the teacher model to distil the knowledge into the student model (itself).  PS-KD is 

applicable to any kinds of supervised learning approach with hard targets, and can be used to 

further generalize the performance through combining with existing regularization methods. Their 

evaluation showed that PS-KD achieved high accuracy and high-quality confidence estimation as 

measured through ordinal ranking and calibration. They experimented their method on multiple 

tasks including object detection, image classification, and machine translation, and showed that 

their method was able to improve the performance of models in all three tasks. 

 

The major challenge with longitudinal data of the gut microbiome is that there exists missing 

information along the timeline of different subjects, causing uneven distribution. To mitigate the 

problem of missing information, we use padding in sequence, where the missing information is 

padded. To address the multiple operational taxonomic units (OTUs) in the microbiome profiles 

and small number of subjects collected at each time points, we develop an efficient hybrid deep 

learning architecture CNN-LSTM (convolutional neural network - Long Short-Term Memory), 

combined with self-knowledge distillation to create high accurate models to predict disease 
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outcomes from gut microbiome. The CNN is used to extract informative features and the LSTM 

is used to understand the temporal dynamic of the gut microbiome.  

 

3.2 Materials and Methods 

3.2.1 Data sets and data processing 

3.2.1.1 Longitudinal microbiome data  

The datasets that we use to evaluate our models are PROTECT (Predicting Response to 

Standardized Pediatric Colitis Therapy) study [115] and DIABIMMUNE dataset [89]. 

 

PROTECT study consists of 428 subjects with new-onset paediatric ulcerative colitis disease from 

USA and Canada, and was monitored over the course of a year. Patients did not receive any 

treatments at week 0, and were assigned into one of two treatments – either 5-aminosalicylic acid 

(mesalamine) or oral / intravenous (IV) corticosteroid (CS) followed by 5-aminosalicylic acid 

(mesalamine). The disease progression was monitored with the treatment progression. Within the 

428 subjects, there are 405 subjects where stool and rectal samples were collected for microbiome 

sequencing. The samples were collected on week 0, week 4, week 12, and week 52. Clinical and 

metadata were collected throughout the year, including gender, ethnicity, age, PUCAI, treatment, 

disease progression, stool consistency, fecal calprotectin, and the extent of the disease 

involvement. Patients are between the age of 4 to 17 with 48% of them being females and 52% 

being males. The data set includes 1015 OTUs. 
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DIABIMMUNE is a study that aims to determine the autoimmune diseases and allergies through 

biological mechanisms. The dataset contains families from three different countries: Finland, 

Estonia, and Russia. Each subject is an early infant before the first 6 months of age and they were 

followed until the age of 3. There are 74 infants as subjects in each country. Three years of monthly 

stool samples, laboratory assays and questionnaires that include breastfeeding, diet, allergies, 

family history, infections, clinical examinations and use of drugs were collected. A total of 1584 

stool samples were sequenced using 16s rRNA amplicon sequencing and 785 stool samples using 

whole-genome shotgun sequencing. The data set includes 282 OTUs. 

 

3.2.1.2 Data pre-processing 

As the microbiome sequencing data contains invariant timepoints caused by missing information 

from the subjects at some time points, we propose to use several methods to solve the issue. 

 

The first method that we used is to pad the data in sequence. For instance, in the case of the 

PROTECT study, if a subject contains week 0 and week 52 but misses week 4 and week 12, the 

subject will be padded with 0s on week 4 and week 12, maintaining the sequence and the order of 

the longitudinal data of the subject. The second method that we used is to pad and mask the padded 

redundant data from the subject. An example of the padding techniques is shown in Table 3-１. 

 

In addition, we also passed the microbiome sequencing data into a dimension reduction algorithm. 

Here we used principal component analysis (PCA) to determine if there is an improvement on 

performance through selecting the top principal components of the microbiome data. We set the 

number of principal components to be 300. 
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Table 3-１An example of our padding techniques. Both padding techniques are done on the same 

subject that contains missing data in week 4 and week 12. 

Pad in Sequence 

 Ruminococcaceae Peptostreptococcaceae Alcaligenaceae … Porphyromonadaceae 

Week 
0 

0.00029747 0.00000381 0.0000114 … 0.00188396 

Week 
4 

0 0 0 0 0 

Week 

12 
0 0 0 0 0 

Week 
52 

0.0000168 0.00000839 0. 00000839 … 0.0050269 

Pad and mask 

 Ruminococcaceae Peptostreptococcaceae Alcaligenaceae … Porphyromonadaceae 

Week 
0 

0.00029747 0.00000381 0.0000114  0.00188396 

Week 
52 

0.0000168 0.00000839 0.00000839 … 0.0050269 

0 0 0 0 0 0 

0 0 0 0 0 0 

 

3.2.2 Methods 

3.2.2.1 Self-knowledge distillation modelling framework 

 

Long-Short Term Memory (LSTM) model 

The LSTM network learns temporal information of the data. It consists of three different gates: 

input gate, output gate, and the forget gate. The gates control how much of the information needed 
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to be passed into the next time step. Sigmoid is used as a gating mechanism to control the input to 

be between the value of 0 and 1. The forget gate is defined as follows: 

 

                                                    𝑓0 = 𝜎(𝑊5𝑥0 + 𝑈5ℎ0:# + 𝑏5) (3.1) 

 

𝑊5is the weights for the forget gate to transform the input at the current time step,	𝑥0 is the input 

at the current time step, 𝑈5 is the weights for the forget gate to transform the hidden state from the 

previous time step, ℎ0:# is the hidden state from the previous time step, 𝑏5 is the bias and 𝜎 is a 

sigmoid function that squashes the input to value between 0 and 1.  

 

The input gate is defined as follows: 

 

                                                       𝑖0 = 𝜎(𝑊>𝑥0 + 𝑈>ℎ0:# + 𝑏>) (3.2) 

 

𝑊> is the weights for the input gate to transform the input at the current time step, 𝑥0 is the input 

at the current time step, 𝑈> is the weights for the input gate to transform the hidden state from the 

previous time step, ℎ0:# is the hidden state from the previous time step, 𝑏> is the bias and 𝜎 is a 

sigmoid function. 

 

The output gate is defined as follows: 

 

                                                       𝑜0 = 𝜎(𝑊@𝑥0 + 𝑈@ℎ0:# + 𝑏@) (3.3) 
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𝑊@ is the weights for the output gate to transform the output at the current time step, 𝑥0 is the input 

at the current time step, 𝑈@ is the weights for the output gate to transform the hidden state from the 

previous time step, ℎ0:# is the hidden state from the previous time step, 𝑏@ is the bias and 𝜎 is a 

sigmoid function. 

 

The cell state at the current time step is calculated as: 

 

                                         𝑐0 = 𝑓0 ∗ 𝑐0:# + 𝑖0 ∗ 𝑡𝑎𝑛ℎ(𝑊F𝑥0 + 𝑈Fℎ0:# + 𝑏F) (3.4) 

 

The cell state helps to control how much to forget from the previous time step and how much to 

include the current time step information into the cell state. 	𝑐0:# is the cell state from the previous 

timestep. If 𝑐0 is at time 𝑡 = 0, then  . 	𝑐0:# is 0. 𝑊F is the weight for the cell state, 𝑥0 is the input 

at the current time step, 𝑈F is the weight for the cell state to transform the hidden state from the 

previous time step, ℎ0:# is the hidden state from the previous time step, 𝑏F is the bias and 𝑡𝑎𝑛ℎ is 

a Tanh function that squashes values between -1 and 1. 

 

The hidden state of the current time step is then calculated as: 

 

                                                                      ℎ0 = 𝑜0 ∘ 𝜎(𝑐0) (3.5) 

 

The last output of the LSTM network is then flattened into a vector and fed into a multi-layer 

perceptron with a sigmoid activation to classify the disease task. 

 

                                                              𝑦 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊Mℎ0 + 𝑏M) (3.6) 
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Convolutional Neural Network- based Long-Short Term Memory (CNN-LSTM) model 

The CNN-LSTM model uses a combination of CNN and LSTM to classify the disease task. The 

model first uses convolutional neural network to extract the features of the gut microbiome data at 

each time point and pass the extracted features as input to the LSTM network. The CNN uses a 

kernel to extract features based on a group of input features. The equation for the extraction of the 

input using CNN is: 

 

                                                   𝑂O,Q = ∑ ∑ 𝑤>,TU ∗ 𝑖OV>,QVTU:# + 𝑏O,QUW
T

W
>  (3.7) 

 

𝑤>,TU  is the weights in layer l at row i and column j of the kernel, 𝑖OV>,QVTU:#  is the output from the 

previous layer at row d+i and column e+j, 𝑏O,QU  is the bias in layer l for the output at row d and 

column e.  

 

CNN-LSTM contains two pipelines. First, the gut microbiome data is fed into the convolutional 

neural network (CNN) [25] to extract features. The extracted features from the CNN are then fed 

into the LSTM [26] to learn the temporal dynamics of the gut microbiome. We also evaluated with 

and without a dimension reduction algorithm, principal component analysis (PCA) [27], to 

determine if PCA could improve the performance of the deep learning models. We used the first 

300 principal components to feed into the deep learning models and compared the results against 

each other.  

 

Self-distillation Model  
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We implemented self-distillation on the LSTM and CNN-LSTM models. We implemented 

multiple shallow classifiers and branched them out from the layers before the main classifier in 

the LSTM network. The multiple shallow classifiers classify the disease task just like the main 

classifier. We integrated additional loss functions to the shallow classifier to improve the features 

learned by the network: (1) Cross entropy loss function is used to improve the shallow classifier 

predictions to the ground truth labels. (2) KL divergence is used to minimize the distribution 

between the prediction of the shallow classifier and the main classifier. (3) L2 loss is incurred on 

the shallow classifier layer right before the output layer with the layer right before the output layer 

of the main classifier. 

 

The cross-entropy loss function is defined as: 

 

                                          𝐶𝑟𝑜𝑠𝑠	𝑒𝑛𝑡𝑟𝑜𝑝𝑦	𝑙𝑜𝑠𝑠 = 	− #
]
∑ 𝑦> ∗ log	(𝑦a>)]
>b#  (3.8) 

 

The KL divergence loss is: 

 

                                           𝐾𝐿	𝐷𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒	𝑙𝑜𝑠𝑠 = 	−∑ 𝑦> ∗ log	(
Mg
Mag
)]

>b#  (3.9) 

 

𝑦> is the ground truth label and 𝑦a> is the prediction. m is the total number of samples. The 

distribution between the prediction of the shallow classifier and the main classifier is minimized 

to make the shallow classifiers’ distributions as similar as possible to the main classifier’s 

distribution. 

 

The L2 loss function is defined as follows: 
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                                                       𝐿2	𝑙𝑜𝑠𝑠 = 	 #
h
∑ (𝑊>

] −𝑊>
i)$h

>b#                                                    (3.10) 

 

𝑊>
] is the weight of the layer before the main classifier and 𝑊>

i is the weight of the layer before 

the shallow classifier. Figure 3-1a shows the architecture of the first self-distillation method on a 

CNNL-STM network. 

 

 

Figure 3-1 Architecture of CNN-LSTM.  a. the first self-distillation method consists of several sub-

classifier to predict the labels of the ground truth and the prediction of the main classifier; b. the second 

self-distillation method uses the model’s previous epoch prediction as a regularization. 

 

 

Moreover, we implemented progressive self-distillation that uses its past prediction as a teacher 

model to have more informative training. The total loss function will become:              

 

          𝐿𝑜𝑠𝑠 = (1 − 𝛼) ∗ 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦l𝑦, 𝑦a>
0m + (𝛼) ∗ 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑦a>

0:#, 𝑦a>
0) (3.11) 
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𝑦a>
0 is the current prediction and 𝑦a>

0:# is the prediction using the weights of the model at the 

previous step. The 𝛼 parameter determines how much of an emphasis we want to get from the loss 

of using the past prediction against the loss with the hard targets. As the teacher model does not 

have a reliable knowledge in the beginning, we start out with a low value of 𝛼 and gradually 

increase 𝛼. We set 𝛼 at the t-epoch as follows: 

 

                                                                      𝛼0 = 𝛼n ×
0
n
 (3.12) 

 

T is the total epoch to train the model. Figure 3-1 shows the architecture of the second self-

distillation approach. 

 

3.2.2.2 Transfer learning 

For the two data sets we collected in the study, we will undergo transfer learning from the dataset 

with better performance to the one with worse performance. We will run the learning of the 

features of the data set with better performance first and then use the learned weights to transfer to 

learn the dataset with worse performance. In order to undergo transfer learning, we need to have 

the same features in both datasets. We first categorize the bacteria by the taxonomy class. We 

found that the overlaps between each taxonomy class between PROTECT study and 

DIABIMMUNE is as follows: kingdom: 2/2, phylum: 10/12, class: 17/24, order: 27/48, family: 

41/85, and genus: 71/153. The denominator is the total number of different groups in a taxonomy 

class. The nominator is the total amount of overlap of the different groups in the taxonomy class 

between the PROTECT study and the DIABIMMUNE study. For phylum: 10/12, this shows that 
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there are 10 groups that overlap out of 12 groups in the phylum order. Only the kingdom order has 

all the overlap of the taxonomy order. However, the kingdom order only contains 2 features which 

can be insufficient to learn rich information. Instead, we use the order of phylum. We only keep 

the overlapping features between the two datasets and remove the features that do not overlap. The 

overlapping features are Synergistetes, Bacteroidetes, Verrucomicrobia, Actinobacteria, 

Fusobacteria, Tenericutes, Proteobacteria, Euryarchaeota, Cyanobacteria, Firmicutes. The non-

overlapping features are TM7, Lentisphaerae. 

We removed the features that are non-overlapping and kept the overlapping features to train on 

PROTECT study. Once the network is trained on the PROTECT study, we transfer the weights of 

the network to train on the DIABIMMUNE dataset. During the transfer of the learned weights, we 

used several methods to fine-tune the weights on the DIABIMMUNE dataset - discriminative fine-

tuning, gradual unfreezing, and concat pooling. Discriminative fine-tuning uses a different 

learning rate for different layers in the network where the learning rate is higher in the last layer 

and gradually gets lesser towards the first layer.  

 

Gradual unfreezing froze all layers except the last layer and adjusted the weights of the last layer 

only on the first epoch. On the second epoch, the second last layer is unfrozen together with the 

last layer and adjusted during training. This goes on for the following epochs for all other layers. 

Concat pooling concatenates the mean of all the hidden states, the max of all the hidden states and 

the last hidden state and feeds them into the next feed forward network. 
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3.2.3 Model training 

During training, we split the data into 10-fold cross-validation and averaged the validation result 

between all the folds. We used a batch size of 64 and had a total epoch of 100. We ran the 

experiment with LSTM and CNNLSTM along with self-distillation and transfer learning.  

 

3.2.4 Comparison with baseline models 

We also compare our model against an existing deep learning network that focuses on longitudinal 

gut microbiome [102] and a recurrent neural network (RNN) [118] by replacing LSTM to RNN in 

our model. Since microbial profiles contains a lot of features, they decided to extract meaningful 

features before feeding the features into an LSTM network. Their method consists of two modules, 

the first module is a feature extraction module that extracts the features from the input into a 

compressed latent representation. The second module is an LSTM network that receives the 

compressed latent representation at each time steps to learn the temporal dynamics of the gut 

microbiome. 

 

[102] used an autoencoder for their feature extraction module. Autoencoder is a neural network 

that carries out unsupervised learning by reconstructing the input data. It is very similar to a deep 

neural network, the main difference is that the middle layer of the autoencoder is much smaller 

than the rest of the network and is used to represent the latent space. An autoencoder hidden layer 

has the following equation: 

 

                                                             𝑥U = 𝑅𝑒𝐿𝑈(𝑊U𝑥U:# + 𝑏U) (3.13) 
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Where 𝑥U is the 𝑙th hidden layer, 𝑊U is the weights for the previous hidden state’s layer, 𝑥U:# is the 

previous hidden layer, when 𝑙 is 1,  𝑥U:# = 𝑥p = 𝑋, is the input. The last layer of the autoencoder 

is the reconstructed input 𝑋r.	𝑏U is the bias term at the current hidden layer. To prevent overfitting, 

they added an L2 regularization on the weights. They also enforced sparsity in the autoencoder by 

incorporating Kullback-Leibler (KL) divergence [119] to force only a small fraction of the neurons 

to be activated. The total loss function for the autoencoder is: 

 

           𝐴𝑢𝑡𝑜𝑒𝑛𝑐𝑜𝑑𝑒𝑟	𝑙𝑜𝑠𝑠 = 	 #
h
∑ u|	𝑋> − 𝑋r>|u

$ +h
>b# 𝜆 ∑ |u𝑊Tu|$ + 𝛽 ∑ 𝐾𝐿(𝑝||𝑝yT)

W
Tb#

]
Tb#  (3.14) 

 

The first term is the reconstruction loss, n is the number of samples, 𝑋> is the input, 𝑋r> is the 

reconstructed input. The second term is the L2 regularization term. 𝜆 is the parameter that 

emphasize on how much to regularize, 𝑊U is the weights at the 𝑙 layer and m is the number of 

layers. The third term is the KL divergence where 𝛽 is the parameter to emphasize on the KL 

divergence loss, k is the number of neurons in the compressed latent representation, p is the sparsity 

parameter, 𝑝yT is the average activation of jth neuron in the compress latent representation. Having 

a lower sparsity parameter will cause the network to be more sparse. 

 

As for the RNN network, we replace LSTM with RNN in our model to compare as one of the 

baseline model. Instead of having 3 gates like the LSTM, RNN has a simpler equation to learn the 

temporal dynamics: 

 

                                                         𝑎0 = 𝑊z𝑋0 +𝑊{ℎ0:# + 𝑏U (3.15) 

                                                                    ℎ0 = 𝑡𝑎𝑛ℎ(𝑎0) (3.16) 
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𝑊z is the weights of the input, 𝑋0 is the input at the current time step, 𝑊{ is the weights of the 

previous hidden state, ℎ0:# is the previous hidden state,  𝑏U is the bias term for the current time 

step, and 𝑎0 is the pre-activation of the current hidden state.  𝑎0 is then fed into a tanh to convert 

into values between [-1, 1] before being an input to the hidden state in the next time step.  

  

3.2.5 Model performance evaluation 

After training the models, it is important to evaluate the performance of the models with each 

other. We measured the models’ performance by using ROC-AUC and F1 score. AUC is 

calculated through using a ROC curve which measures the performance of models with different 

thresholds. The AUC is obtained by calculating the area under the ROC curve. The higher the 

AUC, the better the model’s performance is. 

 

                                          𝐹1	𝑠𝑐𝑜𝑟𝑒 = 2	 ×	}~QF>i>@h×~QF�UU
}~QF>i>@hV~QF�UU

= 	 0}
0}V	��(5}V5h)

 (3.17) 

 

Here, tp refers to true positive, fp refers to false positive, fn refers to false negative. True positive 

are labels that are correctly classified by the model, false positive are positive labels that are falsely 

classified by the model, and false negative are negative labels that are falsely classified by the 

model. 
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3.3 Results and Discussions 

3.3.1 Model training results 

The averaged validation loss of the models’ training on the PROTECT study and DIABIMMUNE 

study can be found in Figure 3-2.  

 

a. PROTECT Study 

 

b. DIABIMMUNE Study 
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Figure 3-2 Results of different models of 10-fold cross-validation. SD: second distillation, FD: first 

distillation. 

 
 

We can see that in both PROTECT study and DIABIMMUNE study, the validation loss for the 

first distillation loss tends to be higher. This is due to the multiple sub-classifiers that try to learn 

the main classifier prediction in addition with the feature loss and the KL divergence. The 

validation loss for the second distillation loss is lower due to the fact that the model is getting a 

percentage of the total loss from its previous epoch prediction as a regularization where the model 

can be already good at performing the prediction. Although the FD distillation has a higher loss 

than its variants, the FD distillation has a better AUC score. This is because AUC and binary cross 

entropy loss are different metrics, AUC measures if the predicted class is the correct class while 

binary cross entropy loss measures how far off a prediction is compared to the true class. With the 

right threshold, the models will be able to perform at a higher performance. 
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3.3.2 Prediction performance based on the PROTECT study 

In this analysis we only obtained the OTU features and removed all other information about the 

patients. Each patient contains either stool samples or biopsy samples at week 0, week 4, week 12, 

and week 52. A large proportion of the patients have missing samples at different time 

points/weeks. We solved this by using either one of the three methods that we mentioned in the 

Data pre-processing section. We used the subject’s disease severity as the disease outcomes for 

prediction using the networks based on the OTUs features. The disease severity includes three 

labels: inactive, mild, moderate, severe.  

 

We split the dataset into 10-fold cross-validation to evaluate our models. We also evaluated our 

models on the different data pre-processing method and determined which one shows the best 

performance (Table 3-２).  

 

Table 3-２ shows the prediction performance of the 10-fold cross-validation on the PROTECT 

Study. CNN-LSTM with padding in sequence achieves the best performance with AUC score 

0.889 when compared to the other models. 

 

Table 3-２Prediction performance of the 10-fold cross-validation on the PROTECT Study without 

self-distillation. 

Model PCA Preprocessing  AUC mean AUC stdev F1 mean F1 stdev 

LSTM TRUE Pad in sequence 0.861 0.041 0.69 0.059 

    Pad at end 0.792 0.041 0.59 0.042 

  FALSE Pad in sequence 0.864 0.054 0.685 0.064 
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    Pad at end 0.789 0.038 0.58 0.036 

CNN-

LSTM 
TRUE Pad in sequence 0.877 0.045 0.717 0.057 

    Pad at end 0.814 0.024 0.612 0.025 

  FALSE Pad in sequence 0.889 0.042 0.716 0.057 

    Pad at end  0.802 0.03 0.598 0.033 

 

We evaluated self-distillation on the PROTECT study. We can see the self-distillation techniques 

improve the baseline performance. The first distillation improved most of the baseline model 

performance. The best performing model is the CNN-LSTM padded in sequence with first 

distillation achieving 0.89 AUC and 0.86 F1 score (Figure 3-3a). 
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a. PROTECT Study 

 

 

a. DIABIMMUNE study 

 

 

Figure 3-3 Prediction performance of the 10-fold cross-validation. a. PROTECT Study. As our goal 
is to evaluate the disease status of patients on week 52 (the last time points of each subject), we removed 

any patients that does not have week 52. Models with padded use padding in sequence method while 
models that does not have padded use padding and masking method. b. DIABIMMUNE study. Models 
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with padded were evaluated on the max time points (max time points is the last time points available 
among all the subjects). Since our goal is to evaluate the allergic reaction on the last time point, subjects 

which do not have the last time points were removed. Models with padded use padding in sequence 
method while models that does not have padded use padding and masking method. FD is First 

Distillation. SD is Second Distillation. 

 

3.3.3 Prediction based on the DIABIMMUNE study 

In this analysis we used 282 OTU features as input to the models. There are 203 subjects and 3 

different allergies: milk, egg, and peanut. 53 of them have milk allergies, 40 of them have egg 

allergies, 9 of them have peanut allergies and the rest does not have any allergies. Each subject has 

a total of 38-time steps.  

 

We split the dataset into 10-fold cross-validation and evaluated our models based on the split. The 

results can be seen in Table 3-３. In the DIABIMMUNE study, the best performing model is the 

CNN-LSTM model with no PCA, achieving 0.798 AUC score and 0.508 F1 score.  

 

Table 3-３ The 10-fold cross-validation on the DIABIMMUNE study without self-distillation. 

 

Model PCA Pre-processing AUC mean AUC stdev F1 mean F1 stdev 

LSTM TRUE Pad in sequence 0.783 0.068 0.456 0.109 

  Pad at end 0.751 0.079 0.437 0.133 

 FALSE Pad in sequence 0.795 0.068 0.481 0.134 

  Pad at end 0.742 0.073 0.428 0.117 

CNN-LSTM TRUE Pad in sequence 0.754 0.084 0.443 0.17 

  Pad at end 0.723 0.071 0.416 0.139 

 FALSE Pad in sequence 0.798 0.764 0.508 0.111 

  Pad at end 0.764 0.764 0.464 0.116 
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We also evaluated self-distillation on the DIABIMMUNE study and the results can be seen in 

Figure 3-3b. We can see that the first self-distillation method was able to improve most of the 

baseline methods. The result is consistent with that of the PROTECT study. The best performing 

model in the DIABIMMUNE study is the LSTM padded in sequence with first distillation and 

CNNLSTM padded in sequence achieving 0.81 AUC, 0.82 F1 score and 0.81 AUC, 0.86 F1 score 

respectively (Figure 3-3b).  

 

3.3.4 Comparison with another longitudinal deep learning model 

Moreover, we compared our best performing models with an existing deep learning network that  

uses LSTM to predict allergies longitudinal microbiome taxonomic profiles [102]. To prevent 

confusion, we will call this existing deep learning network U-LSTM. We trained their model on 

the PROTECT and DIAIBIMMUNE dataset and compared the result against our models. We also 

created a recurrent neural network (RNN) by replacing LSTM to RNN in our network to compare 

against our models. The comparison result can be seen in Table 3-４. Our model was able to 

outperform U-LSTM and RNN in AUC and F1 score. 

 

Table 3-４ Comparison of prediction performance of our best model on 10-fold cross-validation in 

each dataset with other baseline models. 

PROTECT 

Model AUC mean AUC stdev F1 mean F1 stdev 

CNNLSTM_padded + FD 0.89 0.04 0.86 0.037 

U-LSTM 0.74 0.04 0.74 0.03 

RNN 0.87 0.04 0.83 0.03 

DIABIMMUNE 

Model AUC mean AUC stdev F1 mean F1 stdev 
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LSTM_padded + FD 0.81 0.07 0.82 0.06 

U-LSTM 0.62 0.1 0.58 0.13 

RNN 0.75 0.07 0.82 0.07 

 

Additionally, we ran transfer learning to determine if there is any performance improvement by 

transferring the features learned from the PROTECT study to the DIABIMMUNE study. As the 

PROTECT study achieves AUC higher than the DIABIMMUNE study, we decided to use the 

features learned from the PROTECT study to transfer to the DIABIMMUNE study to evaluate if 

performance can be further improved. The transfer learning did not show significant improvement 

on the DIABIMMUNE study when transferring the learned features from the PROTECT study 

(results are not shown).  

 

We ran sensitivity analysis on whether how much of the time in the past is relevant in predicting 

the outcome of the disease for both the DIABIMMUNE and PROTECT dataset. The results can 

be seen in Table 3-５.  

 

 

Table 3-５ Sensitivity analysis on the number of time points to the performance of predicting the 

outcome of the model using our best model. 

PROTECT 

Data points AUC mean AUC stdev F1 mean F1 stdev 

5 0.89 0.04 0.85 0.03 

4 0.88 0.05 0.85 0.03 

3 0.89 0.04 0.86 0.05 

DIABIMMUNE 

months AUC mean AUC stdev F1 mean F1 stdev 
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13 0.77 0.07 0.83 0.07 

12 0.77 0.07 0.83 0.08 

11 0.78 0.07 0.81 0.1 

10 0.77 0.07 0.81 0.1 

9 0.77 0.07 0.81 0.1 

8 0.78 0.07 0.81 0.1 

7 0.77 0.06 0.81 0.1 

6 0.78 0.07 0.81 0.1 

5 0.78 0.07 0.81 0.1 

4 0.78 0.07 0.8 0.1 

3 0.74 0.05 0.78 0.1 

2 0.74 0.06 0.76 0.1 

 

For the sensitivity analysis, we used CNNLSTM_padded + FD on the PROTECT study and 

LSTM_padded + FD on the DIABIMMUNE study. The months in the DIABIMMUNE study are 

the number of past months used to predict the outcome of the disease. We can see that the 

performance does not deteriorate that much when the number of past months is above 3. When the 

number of months is 3 or less, the performance reduced by a visible amount. In the PROTECT 

study, the time points are (0, 4, 12, 52) weeks on which biopsy samples are only included in week 

0 and week 52 while stool samples are included in all time points (6 data points in total). There is 

no visible difference in reduction in performance with different time points used.  

 

3.4 Summary 

Deep learning is able to classify disease severity and allergy reaction based on the longitudinal gut 

microbiome as shown in our experiments. Using temporal dynamics of the gut microbiome, we 

are able to capture more information about the longitudinal gut microbiome to gain a richer feature 
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representation of the gut microbiome to classify the disease severity in the PROTECT study and 

the allergy reaction in the DIABIMMUNE study.  

 

 

Using CNN in combination with LSTM helps to improve the performance in achieving higher 

AUC score as evaluated in both the PROTECT study and the DIABIMMUNE study. For the 

PROTECT study, the CNN performs better than LSTM if we look at both the AUC and the F1 

score. However, if we are looking in terms of speed and computation efficiency, the LSTM model 

would be a better choice than the CNN model as there is not a drastic improvement in performance. 

Our experiments showed that self-distillation is able to improve the performance of the LSTM in 

both the PROTECT study and the DIABIMMUNE study. Using data imputation does not 

necessarily improve the deep learning model’s performance. In the PROTECT study and the 

DIABIMMUNE study, the best performing models are the ones without any data imputation. We 

also compared our models against other existing deep learning model for longitudinal gut 

microbiome studies and RNN and were able to surpass them. 

 

The LSTM model that we used treat the timepoints equally spaced although the timepoints in the 

PROTECT study and the DIABIMMUNE study are not spaced equally. It would be interesting to 

see how the LSTM or CNN LSTM models would perform if we incorporate a time encoding into 

them. 

 

 FALSE Pad in sequence 0.795 0.068 0.481 0.134 

  Pad at end 0.742 0.073 0.428 0.117 

CNN-LSTM TRUE Pad in sequence 0.754 0.084 0.443 0.17 

  Pad at end 0.723 0.071 0.416 0.139 

 FALSE Pad in sequence 0.798 0.764 0.508 0.111 
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In summary, we showed that the CNN combined with the LSTM can achieve better generalizing 

models to classify disease severity and allergy reaction of subjects. With the addition of self-

distillation, it is able to achieve the highest performing models in both the PROTECT study and 

the DIABIMMUNE study for the LSTM model. As for the CNNLSTM model, it was able to 

improve the performance in the PROTECT study, the performance for the DIABIMMUNE study 

remains no significant changes when self-distillation was incorporated. 
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Chapter 4 An Extended LassoNet for Disease 

Classification using Microbiome Profiles from Multiple 

Cohorts 

4.1 Introduction 

4.1.1 Machine Learning in Oral Microbiome 

Machine learning has also been applied to oral microbiome to predict the outcome or progression 

of various diseases. As microbiome is one of the factors that affects several neurodegenerative 

diseases, [122] used multinomial logistic regression and associate mining rule with machine 

learning to determine microbiome biomarker that is related to the severity of glaucoma by 

investigating the features of oral microbiome of patients with glaucoma. They obtained the 

taxonomic composition of the oral microbiome by using a 16S rRNA gene sequencing. Then, they 

identify the glaucoma biomarkers by using random forest [80] to identify taxon level and the 

significant taxa is done by using Tag Count Comparison (TCC) [123]. A multinomial logistic 

regression is used to analyze the significance of the biomarker found in patients with glaucoma 

based on several factors: age, baseline IOP level, and retinal nerve fiber level (RNFL) thickness. 

The glaucoma severity is divided based on the RNFL thickness. A general complete ruleset is 

created by using a classification based on predictive associative rules (CPAR) [124].  Random 

forest was able to achieve an accuracy between 57% to 74% on genus level identification and 

Lactococcus was found to have the highest Gini index indicating the significance of Lactococcus 

in glaucoma patients. [125] created G2S which predicts the taxa of the human fecal microbiome 

based on the oral microbiome of that individual. They used deep convolutional neural network 
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(CNN) [50] which was trained on 768 paired samples, oral and fecal samples from 384 individuals. 

Spearman correlation was used as a metric to measure the correlations between the predicted 

human fecal microbiome and the actual human fecal microbiome. 52 percent of the prediction 

achieved spearman correlation of more than 0.8 which were deemed excellent, and 29 percent of 

the prediction is between 0.71 and 0.8 which were considered good. 

 

4.1.2 Batch Effects 

As samples tend to be collected with a difference in location, time taken, handlers, equipment, 

batch effects are bound to happen due to a large variation in similar samples. Batch effects can be 

complex, making it difficult to align their distributions while preserving their important biological 

factors. In order to address these differences, there have been several tools and algorithms that 

were introduced. [126] proposed using Bayes frameworks to adjust data to remove batch effect 

which can be robust to outliers and performs well in large dataset. Additionally, [127] described 

the different normalizations that can be used to adjust batch effect which arises from variation in 

technology. However, these batch effect removal algorithms suffer from dropout events in gene 

expressions. Dropout events are when non-zeros values are recorded as zeros due to the low 

expression of RNA. An approach to resolve this issue is proposed by [128], they identify the cell 

mappings between datasets and recreate the data distribution in a shared space. The algorithm first 

identifies the mutual nearest neighbors between the two datasets to establish a relationship. Then, 

the pair of connections are used to align the dataset in a shared space. This method however 

requires a lot of computation power for calculating the list of relationships in a high dimensional 

space. FastMNN was introduced to speed up and reduce the computation power required by 
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applying MNN in a principal component analysis space. Additionally, [129] also carried out MNN 

in a reduced space similar to FastMNN to undergo batch effect removal. 

 

The need to carry out batch effect removal first and then running classification is a two steps 

approach. Our aim is to remove two steps approach and carry them out on a one step approach to 

improve the efficiency of the process. We will use LassoNet [130], a deep learning algorithm, in 

combination with batch loss to classify the disease outcome and incorporate batch effect into the 

network to predict the disease status. LassoNet is also able to determine the importance of each 

features and how each feature contributes to its prediction. This technique can be applied to gut 

microbiome in predicting disease severity when combining different gut microbiome datasets as 

the different types of gut microbiome datasets can also have different batch effect variations. To 

the best of our knowledge, there has not been a method that combines batch effect and deep 

learning on oral microbiome data. Additionally, we experimented with autoencoder and several 

optimizers and loss functions to predict disease status based on the oral microbiome. Our 

contributions in this chapter are as follows: 

- We incorporated LassoNet with batch loss that is able to remove batch effect and classify 

disease outcome simultaneously 

- We evaluated our combined approach on oral microbiome data 

- We experimented with autoencoder (combined with attention, robust loss, ranger 

optimizer, and batch loss) to see if we can obtain high performance on the oral microbiome 

data 
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4.2 Materials and Methods 

4.2.1 Datasets 

We used Teng 2015 [73], Agnello 2017 [71], Gomez 2017 [72], Vivianne 2020 [74], Kalpana 2020 

[75] for our analysis and classification of severe early childhood caries (ECC) and caries-free (CF) 

based on the oral microbiome. In Teng 2015, there are 27 samples from children who are caries 

free and 13 samples who have early child caries. In Agnello 2017, there are 50 samples of which 

30 samples are ECC and 20 samples are CF. Only children who were less than 6 years old (72 

months) and is a Canadian First Nation were included in Agnello 2017 study. The children with 

ECC were recruited from Misericordia Health Centre in Winnipeg, Manitoba, Canada and the 

children with CF were recruited from the community and assessed to ensure that they are caries 

free. The plaque samples were collected from each child using a sterile interdental brush to swap 

their tooth surfaces and frozen immediately until further analysis in a glycerol solution at -80 

Celsius. In Gomez 2017, the plaque samples were collected from participants in University of 

Adelaide Craniofacial Biology Research Group (CBRG) and Murdoch Children’s Research 

Institute (MCRI)’s Peri/Postnatal Epigenetic Twins Study (PETS). Participants were refrained 

from brushing their teeth from the evening before until they visited the clinic the next morning. 

We included 32 samples into our analysis. In Vivianne 2017, there are 80 total subjects of which 

40 (15 males, 25 females) are ECC and 40 (19 males, 21 females) are CF. All of which are less 

than 6 years old (72 months). In Kalpana 2020, they obtained samples from 55 samples but 

sequencing was performed on only 30 samples because of low quality DNA. 

 

Fasterq-dump (NCBI SRA-toolkit which can be found at 

https://trace.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?view=software) was used to download the data 
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from NCBI repositories. Additionally, some raw sequences were obtained directly from the 

authors. Qiime2 pipeline was used to analyze and obtain the OTU table at species and genus level. 

Several combinations of right and left trim were used in DADA2. The performance of DADA2 

was manually checked. HOMD 15.22 was used a reference database.  

 

4.2.2 LassoNet 

 Lasso (least absolute shrinkage & selection operator) is a regression method that uses shrinkage 

to shrink data points towards a center point. It is very similar to ridge regression; the only 

difference is its regularization technique. Lasso regression uses L1 regularization while ridge 

regression uses L2 regularization. The equation for Lasso regression is: 

 

                                                      ∑ (𝑌> −𝑊U𝑥) + 𝛼∑ |𝑊U|
}
Tb#

�
>b#  (4.1) 

 

Where 𝑌> is the ground truth label, N is the total number of samples, 𝑊U is the weights of the Lasso 

regression, x is the OTUs features, 𝛼 is the hyperparameter to control the regularization and p is 

the number of weights. The first term minimizes the distance between the predicted label and the 

ground truth label while the second term is the regularization that prevents the weights from fitting 

the training data too well. The regularization prevents overfitting on the training data. 

 

LassoNet consists of a residual connection that connects directly from the input features to the 

prediction output. This helps to select important features and to prevent features that are redundant 

to participate in the prediction of the network. The LassoNet objective function is as follows: 
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                                        𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝐿(𝜃,𝑊) + 𝜆||𝜃||# (4.2) 

                             such that                �u𝑊T#u�
�
≤ 𝑀|𝜃T|  

                             and     𝐿(𝜃,𝑊) = #
�
∑ 𝑌> log 𝑌�� − (1 − 𝑌>) logl1 − 𝑌��m�
>b#   (4.3) 

 

where 𝑊T# is the jth weight of the first layer of the network, 𝜆 is the hyperparameter emphasize on 

the regularization of the residual weights, higher 𝜆 will create a sparser network. 𝜃T is the jth weight 

of the residual layer, N is the total number of samples, 𝑌> is the ground truth label for the ith sample, 

𝑌��  is the predicted label and M is the hyperparameter to control the strength between using Lasso 

regression and a standard feed forward neural network. When M is 0, all the hidden units of the 

neural network becomes inactive and becomes Lasso. When we let M to +∞, it becomes a standard 

feed forward neural network. 

 

4.2.3 Extension of LassoNet for integrating multiple cohorts 

Although LassoNet is a powerful supervised classification tool for high dimensional data set, when 

it is applied to process high dimensional data from multiple cohorts, which may include strong 

batch effect, the algorithm may be ineffective. Batch effects occur when samples are collected with 

a difference in time taken, location, equipment, or handlers. The difference caused in the samples 

are factors that are not relevant to the experiments which causes inaccurate results. Batch effects 

can be removed by using several tools and algorithms including normalization technique. 

However, we want to do a one-step approach in disease classification with batch effect present. 
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Hence, we design a network architecture that extends the standard LassoNet for classifying disease 

status using microbiome profiles from multiple cohorts. The network diagram for LassoNet with 

batch loss can be seen in Figure 4-1. 

 

 

Figure 4-1 LassoNet with batch loss architecture. 

 

In Figure 4-1, the green section is the OTUs of the oral microbiome. The OTUs of the oral 

microbiome is fed into LassoNet to create the disease status prediction after passing them into fully 

connected layers with a residual layer connecting the disease status from the OTUs.  
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Looking back at Equation 4.2, the constraint for setting the weights for the first layer of the fully 

connected network is less than or equal to 𝑀|𝜃T|, we can see if we set M = 0, then all the weights 

for the first layer will be 0, this means that only the residual layer is activated and makes LassoNet 

becomes the original Lasso. M is used to control the strength between using Lasso and a standard 

feed forward network. 

 

In the last layer of LassoNet, we added 3 fully connected layer to connect with it using the 3 fully 

connected layer as a batch prediction network to predict the study category. Instead of doing a 

normal cross entropy loss that will make the study differentiable to each other, the loss from the 

study category is inversed to make all the studies as similar as possible such that batch effect can 

be minimize at best. We do this by maximizing the loss of the prediction from the batch prediction 

network. The batch prediction network only runs in training, it does not run in evaluation. The 

normal flow from OTUs of the oral microbiome to the disease status remains the same for 

evaluation.  

 

4.2.4 Autoencoder  

We used an autoencoder network to incorporate batch effect and to classify the disease status 

simultaneously. We tried several autoencoders and the normal autoencoder performs the best. Our 

autoencoder network consists of an encoder and a decoder. The encoder creates a latent space that 

contains information about the data in a low dimensional space through learning the reconstruction 

of the data and classifying the disease status. Our encoder has two layers including the latent layer. 

The output of the encoder will be fed into the decoder which consists of 2 layers. The last layer of 
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the decoder has the same size as the input size of the encoder. The autoencoder will reconstruct 

the input of the encoder, creating a learned latent space of the input in a lower dimensional space. 

The loss function of the reconstruction of the input is: 

 

𝑟𝑒𝑐𝑜𝑛𝑠	𝑙𝑜𝑠𝑠 = 	 #
�
∑ (𝑋�� − 𝑋>)$�
hb#  (4.4) 

 

Where N is the total number of samples in the current batch, 𝑋��  is the reconstructed input, 𝑋> is the 

ground truth. 

 

The latent from the autoencoder is fed into a deep neural network (classification network) with 3 

layers to classify the disease status. Before the latent is fed into the classification network, a gated 

linear unit is used as a gating mechanism to select the latent features to pass into the classification 

network. Then, the output of the classification network is fed into a self-attention mechanism 

before classifying the disease status. Additionally, the latent from the autoencoder is also fed into 

a batch prediction network to carry out an inverse cross entropy loss to make the different study 

groups as similar as possible by making the network not able to differentiate between the study 

groups in the latent features. The autoencoder network can be seen in Figure 4-2. 
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Figure 4-2 Autoencoder with batch loss architecture. 
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4.2.5 Attention  

Attention mechanism has been used to ensure that the model focuses on important features rather 

than giving the same weights on redundant features. We use a multiheaded attention mechanism 

as using multiple heads have been shown to learn multiple projections of the features. Each head 

consists of the following equation: 

 

                                              𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(��
�

�O�
)𝑉  (4.5) 

 

Where Q is the query, K is the key, V is the value, 𝑑W is the dimension of the kth layer. Q, K, and 

V are obtained by passing the latent space of the autoencoder to a linear layer: 

 

                                                                       𝑄 = 𝑙𝑊�   (4.6) 

                                                                       𝐾 = 𝑙𝑊�  (4.7) 

                                                                       𝑉 = 𝑙𝑊�  (4.8) 

 

Where 𝑙 is the latent space, 𝑊� is the weights of the query linear layer, 𝑊� is the weights of the 

key linear layer, and 𝑊� is the weights of the value linear layer. The final multi headed attention 

mechanisms are the concatenation of the heads: 

 

                𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑𝑒𝑑𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑#, ℎ𝑒𝑎𝑑$, … , ℎ𝑒𝑎𝑑,)𝑊��  (4.9) 

 

𝑊�� are the weights of the multi headed attention to transform the dimension into a smaller 

dimension to be fed into the next few linear layers. 
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4.2.6 Robust Loss  

We experimented with robust loss function for the classification network. As the most used loss 

functions is mean square error (MSE). Mean square error tends to be very sensitive to outliers and 

will be biased towards the points with the largest errors. The main idea of robust loss is to create 

a generalized loss function that is very flexible and can take the form of many loss functions. The 

equation for robust loss is: 

 

     (4.10) 

 

Robust loss can take the form of many loss function and is the superset of many loss functions: 

 

        (4.11) 

 

If we look at the equations above, they are l2 loss, l1 loss, cauchy loss, German-McClure loss, 

Welsch loss respectively depending on the alpha value. C is the value that controls the size of the 

quadratic bowl near x = 0 for the loss function. The alpha value is adaptive can be learned from 

backpropagation and using negative log likelihood as not using negative log likelihood will cause 
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the alpha value to be as small as possible by trying to minimize the cost of outliers. We set x as 

the L1 loss for the predicted disease status and the ground truth disease status in robust loss: 

 

𝑥> = |𝑌r> − 𝑌>|       (4.12) 

 

where 𝑥> is the L1 loss for the ith sample, 𝑌r> is the predicted disease status, and 𝑌> is the ground 

truth disease status. 

 

4.2.7 Ranger Optimizer 

Ranger optimizer combines several components including Adam [131], adaptive gradient clipping 

[132], gradient centralization [133], Positive-Negative momentum [134], norm loss [135], stable 

weight decay [136], linear learning rate warm-up [137], explore-exploit learning rate schedule 

[138], and Lookahead [139]. 

 

4.2.8 Inverse Cross Entropy 

To incorporate the batch effects, we used an inverse cross entropy loss function on the latent space 

to remove the difference in distribution between different studies. The inverse cross entropy is as 

follow: 

 

𝑖𝑛𝑣𝑒𝑟𝑠𝑒	𝐶𝐸	𝑙𝑜𝑠𝑠 = −[	#
�
∑ 𝑌> log 𝑌�� − (1 − 𝑌>) logl1 − 𝑌��m�
hb# ]        (4.13) 
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However, just having the inverse cross entropy loss would cause the loss to be unstable as it will 

diverge towards infinity. To resolve this, we clamped the inverse cross entropy loss to -10 at 

minimum.  

 

          𝑖𝑛𝑣𝑒𝑟𝑠𝑒	𝐶𝐸	𝑙𝑜𝑠𝑠 = 𝑚𝑖𝑛(− �	#
�
∑ 𝑌> log 𝑌�� − (1 − 𝑌>) logl1 − 𝑌��m�
hb# � , −10)       (4.14) 

 

We trained the network simultaneously to create an end to end training. We incorporate the 

reconstruction loss, the removal of batch effect loss, and the classification loss together. The total 

loss will become: 

 

   𝑡𝑜𝑡𝑎𝑙	𝑙𝑜𝑠𝑠 = 𝑟𝑒𝑐𝑜𝑛𝑠	𝑙𝑜𝑠𝑠 + 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛	𝑙𝑜𝑠𝑠 + 	𝑖𝑛𝑣𝑒𝑟𝑠𝑒	𝐶𝐸	𝑙𝑜𝑠𝑠    (4.15) 

 

We used Adam optimizer and set the learning rate to 0.001.  

 

4.2.9 Autoencoder Weight Scheduler 

As the beginning stage will not contain much information from the latent space, we use a scheduler 

such that the autoencoder loss is emphasized with a higher weight and the classification loss with 

a lower weight. The weight of the autoencoder loss is slowly reduced while the classification loss 

is slowly increased as the network train through each epochs. The weights will focus more on the 

classification loss towards the end. The weight scheduler for the autoencoder loss can be seen in 

Figure 4-3. 



64 

 

Figure 4-3 Weight decay for autoencoder weights. 

With the addition of the scheduler, the total loss can be rewritten as: 

 

𝑡𝑜𝑡𝑎𝑙	𝑙𝑜𝑠𝑠 = 𝛼 ∗ 	𝑟𝑒𝑐𝑜𝑛𝑠	𝑙𝑜𝑠𝑠 + (1 − 𝛼) ∗ 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑦	𝑙𝑜𝑠𝑠 + 	𝛾 ∗ 𝑖𝑛𝑣𝑒𝑟𝑠𝑒	𝐶𝐸	𝑙𝑜𝑠𝑠   (4.16) 

 

𝛼 starts at 1 and decays to 0 at epoch 100 of which the total loss function will focus solely on the 

classification loss and the inverse CE loss. 
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4.2.10 Baseline Models 

The baseline models that we will compare against are Lasso Regression and NWCQ [140]. NWCQ 

is a deep learning framework to remove batch effect while classifying omics data in a single 

network. Their network consists of 3 modules: calibrator, discriminator, and reconstructor. The 

calilbrator extracts the latent features and provides the extracted latent features to the discriminator 

and the reconstructor. The discriminator discriminates between the study groups and the 

reconstructor reconstructs the OTUs from the extracted latent features. They used two adversarial 

steps for their training approach. Their approach was shown to improve 10% more than the state-

of-the-art methods when evaluated on scRNA-seq dataset and two private metabolomics (MALDI 

MS) datasets. 

 

Lasso regression is a machine learning model that uses shrinkage to classify data points. We can 

see the equation and the detailed description of lasso regression at Section 4.2.3. 

 

4.2.11 Model Evaluation 

We used AUC and F1 score to evaluate our models. AUC metric is calculated using receiver 

operating characteristics (ROC) curve which measures the performance of models at different 

thresholds by plotting true positive rate against false positive rate. AUC is then obtained by 

calculating the area under the curve of the ROC curve. The higher the AUC the better. 

 

F1 score is a measurement that takes precision and recall into account when measuring the models’ 

performance. As real-world datasets tend to be imbalanced, using accuracy as measurement can 
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create a performance metrics that is not accurate. Instead, we use F1 score for the one of the 

evaluation metrics. The F1 score can be calculated as: 

 

                                                            𝐹1 = 2 ×  ~QF>i>@h×¡QF�UU
 ~QF>i>@hV¡QF�UU

   (4.17) 

 

                                             𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = n~£Q	}@i>0>�Q
(n~£Q	}@i>0>�QV¤�UiQ	}@i>0>�Q)

   (4.18) 

                                                𝑅𝑒𝑐𝑎𝑙𝑙 = 	 n~£Q	}@i>0>�Q
n~£Q	}@i>0>�QV¤�UiQ	hQ¥�0>�Q

   (4.19) 

 

Where true positives are the correctly predicted positive, false positive are the wrongly predicted 

positives, false negative are the wrongly predicted negatives.  

 

We carried out the evaluation using leave one study out. There are several studies which use leave 

one dataset out [141]–[143]. Leave one study out is when we use one dataset as a test set and the 

rest of the datasets as training sets. Hence, the word “leave one study out”. 

 

4.3 Results and Discussion 

4.3.1 Strong Batch Effects across Microbiome-based Studies 

We carried out our evaluation on the 5 different studies (Agnello 2017, Gomez 2017, Kalpana 

2020, Teng 2015, Vivianne 2020) listed in Section 2.1. The plot for the data can be seen in Figure 

4-4.  
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Figure 4-4. Data plot for the 5 studies using PCA. 

We can see visible batch effects on the 5 studies. The studies were gone through centered log-ratio 

(CLR) normalization before being passed into the models. The data plot in figure 3 shown were 

done after the studies have gone through CLR transformation as CLR transformation have shown 

to provide meaningful representations to long-term information [144]. 

 

4.3.2 Performance Evaluation and Comparison 

We ran the evaluation of our autoencoder model and LassoNet on the 5 studies with CLR 

transformed. The best performing autoencoder model variation is the one with attention, batch loss 

and robust loss combined together which can be seen in Table 4-１. 
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Table 4-１ Performance of our best performing autoencoder and LassoNet on the 5 studies using 

“leave one dataset out”. 

 AE with attention + batch loss + robust loss LassoNET 

 AUC F1 AUC F1 

Agnello 2017 0.85 0.82 0.84 0.86 

Gomez 2017 0.67 0.63 0.65 0.6 

Kalpana 2020 0.77 0.74 0.76 0.76 

Teng 2015 0.43 0.56 0.7 0.59 

Vivianne 2020 0.77 0.72 0.88 0.87 

 

We use a leave one dataset out strategy to evaluate our models on the studies. Leave one dataset 

out refers to training on all 4 datasets and testing on one dataset. In Table 4-１, the performance 

shown are the datasets that were tested. For example, in Agnello 2017 column, the model is trained 

on Gomez 2017, Kalpana 2020, Teng 2015, and Vivianne 2020 but tested on Agnello 2017. We 

used 3 layers for the classification network, 2 layers for the encoder, 2 layers for the decoder, 128 

latent size, and 256 hidden size for the classification network. We have tried tuning the 

hyperparameters for the autoencoder and these hyperparameters are the ones that perform the best. 

 

The result for the LassoNet model can also be seen in Table 4-１. We evaluated LassoNet on the 

5 studies using leave one dataset out. The performance of LassoNet outperforms the performance 

of autoencoder with attention, batch loss, and robust loss on all the studies except for Gomez 2015. 

 

We compared our LassoNet and Autoencoder model with a few baseline models – Lasso 

Regression and NWCQ [140]. NWCQ is a deep learning framework for removing batch effect and 
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classifying various omics data in one network. They experimented their approach and showed that 

their approach was able to remove batch effect effectively and provides high performance in 

classification results. The comparison of the results between NWCQ, lasso regression and our 

models can be seen in Table 4-２. 

 

Table 4-２ Comparison of LassoNet (+ batch loss + robust loss) and Autoencoder with the baseline 

models (NWCQ and Lasso Regression). 

 

Autoencoder  

+ attention  

+ batch loss  

+ robust loss 

LassoNet  

+ batch loss  

+ robust loss Lasso Regression NWCQ 

 AUC F1 AUC F1 AUC F1 AUC F1 

Agnello 2017 0.85 0.72 0.89 0.9 0.79 0.8 0.72 0.67 

Gomez 2017 0.67 0.56 0.7 0.65 0.63 0.4 0.63 0.4 

Kalpana 2020 0.77 0.74 0.86 0.84 0.56 0.67 0.65 0.76 

Teng 2015 0.43 0.63 0.7 0.6 0.52 0.22 0.57 0.45 

Vivianne 2020 0.77 0.82 0.86 0.84 0.83 0.83 0.72 0.69 

Average 0.698 0.694 0.798 0.766 0.67 0.584 0.658 0.594 

 

We can see that LassoNet with batch loss and robust loss outperforms all the models in 4 of the 

studies. LassoNet with batch loss also obtained the highest average AUC of 0.798.  
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4.3.3 Ablation Study 

We carried out an ablation study on LassoNet as it is the best performing model. We experimented 

adding batch loss, robust loss, and ranger optimizer to LassoNet and determine if there is a 

performance improvement in the network. The ablation study on LassoNet can be seen in Table 

4-３. 

 

Table 4-３. Ablation study on LassoNet. Results are in AUC. 

 

 

 

On average, LassoNet with batch loss and robust loss performs the best, achieving 0.798 AUC. 

However, LassoNet with batch loss only was able to achieve the best performance in Teng 2015 

and Vivianne 2020. We suspect that due to the LassoNet being able to select the important features 

to determine the disease status with regards to the studies, the performance of LassoNet vs the best 

performing LassoNet variation (LassoNet + batch loss + robust) is not very different. 

 

 Agnello 

2017 

Gomez 

2017 

Kalpana 

2020 

Teng 

2015 

Vivianne 

2020 

Average 

LassoNet 0.84 0.65 0.76 0.7 0.88 0.766 

+ Robust loss 0.88 0.68 0.76 0.68 0.85 0.77 

+ Ranger 0.75 0.76 0.71 0.6 0.8 0.724 

+ batch loss 0.86 0.68 0.82 0.7 0.9 0.792 

+ ranger + robust 0.78 0.62 0.76 0.63 0.74 0.706 

+ batch loss + robust 0.89 0.7 0.86 0.68 0.86 0.798 
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4.3.4 Feature Importance 

We extracted the importance of the oral microbiome features as detected by LassoNet which was 

made possible due to the nature of its architecture. The feature importance can be seen in Figure 

4-5. 

 

 

 

 

 

Figure 4-5 Feature importance from LassoNet with batch loss and robust loss on the 5 studies. 
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We can see that Agnello 2017 and Gomez 2017 has the same top 1 feature, Streptococcus_mutans, 

Kalpana 2020 and Teng 2015 has the same top 1 feature, Rothia_aeria, and Vivianne 2020 has 

Abiotrophia_defectiva as its top 1 feature. We analysed and created a table that shows the most 

common top 5 features among the 5 studies as shown in Table 4-４. It seems that Prevotella_salivae 

is an OTU that exist in all the studies except for Kalpana 2020 among the top 5 features. 

 

Table 4-４ Top 5 features occurrence among 5 studies. We looked at the top 5 OTUs of each study 

and showed the most frequently occurring OTUs. 

LassoNet + batch loss + robust loss 

OTUs Number of occurrence in top 5 features 

Prevotella_salivae 4 

Streptococcus_mutans 3 

Rothia_aeria 3 

Lautropia_mirabilis 2 

Corynebacterium_durum 2 

Corynebacterium_matruchotii 2 

LassoNet 

OTUs Number of occurrence in top 5 features 

Streptococcus_mutans 5 

Prevotella_salivae 4 

Alloprevotella_sp._HMT_912 3 

Streptococcus_salivarius 2 

Leptotrichia_goodfellowii 2 
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Based on our evaluation on LassoNet with batch loss, it seems that Streptococcus_mutans and  

Prevotella_salivae plays an important role in determining the disease status of patients as they are 

the top 2 features in LassoNet with batch loss, robust loss and LassoNet respectively.  

 

4.4 Summary 

We showed that deep learning, specifically using autoencoder and LassoNet, with incorporated 

batch effect is able to obtain good performance when predicting disease status through oral 

microbiome on the 5 studies: Agnello 2017, Gomez 2017, Kalpana 2020, Teng 2015, Vivianne 

2020. We compared our autoencoder and LassoNet extensions with two baseline models: NWCQ 

and Lasso Regression and showed that our model extensions were able to perform better than the 

baseline models. When comparing the best performing autoencoder (attention, batch loss, robust 

loss) with LassoNet, LassoNet outperforms autoencoder even without the additional special 

optimizer and loss functions. We suspected that due to the nature of LassoNet being able to select 

and choose the important features, LassoNet is able to achieve a higher performance than the best 

performing autoencoder. We also showed the important features selected by LassoNet and 

LassoNet with the additional optimizer and loss functions and found that within the top 5 most 

occurring features among the 5 different study groups, Streptococcus_mutans and 

Prevotella_salivae appeared the most times indicating that the two features contribute significantly 

to the classification of the disease status.  
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Chapter 5 Deep learning-based joint detection in 

Rheumatoid arthritis hand radiographs 

 

5.1 Introduction 

Technology has advanced exponentially as the years have passed. Artificial intelligence (AI) has 

been used to improve the advancement of a diverse range of fields including but not limited to 

speech recognition, recommender system (predicts the preference of users), computer vision, self-

driving cars, natural language processing, and translation [145]. Deep learning is a subset of AI 

that can surpass the performance in content creation or classification of rule-based AI or machine 

learning if there is enough data to train on. Deep learning helps to classify or predict complex 

solutions including object detection, speech translation, image generation, music generation, etc. 

In the medical field, deep learning has been used to detect radiographic evidence of pneumonia 

[146], [147], obtained good representation of gut microbiome data for easier future analysis [148], 

and cancer diagnosis [149].  

 

Rheumatoid arthritis (RA) is an autoimmune disease where the immune system mistakenly attacks 

healthy joints causing joint damage.  [38][39]There are several scoring methods proposed for 

evaluating radiographs in rheumatoid arthritis [40]–[44]. The current “gold standard” scoring tool 

is the Sharp/van der Heijde (SvH) score which assesses joint space narrowing (JSN) and joint 

erosions in multiple hand and feet joints. Although the SvH method is widely used for clinical 

research studies, its use in clinical practice is limited as SvH radiograph scoring requires a highly 

skilled assessor and is time consuming.  
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Some technological advancements have addressed these challenges by utilizing deep learning to 

assess the joint damage directly [39], [150]. Maziarz et al proposed using a deep multi-task method 

[151] that predicts joint space narrowing and erosion scores using a deep convolutional neural 

network [50]. The network simultaneously performs joint detection, and predicts joint space 

narrowing and erosion scores. This group was able to achieve a root mean squared error of 0.4075 

and 0.4607 for narrowing and erosion respectively in the RA2-DREAM Challenge [152] from 119 

patients obtained from two NIH supported clinical studies. Additionally, Hirano et al [153] created 

a two step method to perform joint score evaluation using deep learning. The steps are 1) joint 

detection and 2) joint evaluation. The joint detection step uses a machine learning algorithm that 

uses Haar-like features [154] to detect the joints. The joint evaluation step uses a convolutional 

neural network to assign scores to the joints. They evaluated their model on   30 patients that with 

diagnosed with RA based on standard criteria [155]. They were able to achieve detection of PIP, 

Interphalangeal (IP), and MCP joints with sensitivity of 95.3%. The accuracy for erosion detection 

was between 70.6% to 74.1% while the accuracy for JSN was 49.3% to 65.4%. 

 

However, there are no known AI methods that show that we could train on normal or healthy joint 

images and evaluate them on rheumatoid arthritis joint images. We used one of the state-of-the-art 

object detection algorithms, YOLOv5l6 [156], to detect the finger joints (PIP, and MCP) and wrist 

joints (wrist, radius, and ulna). We used a pre-trained YOLOv5l6 on Common Object in Context 

(COCO) dataset and showed that it is transferable and can be used to detect x-ray joints. We 

showed that the YOLOv5l6 model trained on imaging from the RSNA Pediatric BoneAge 

challenge [157] with only left-hand x-ray images was able to detect joints of rheumatoid arthritis 

patients with left hand, right hand, or both hands in the images in our Manitoba dataset. 
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5.2 Methods 

The dataset that we obtained is from RSNA 2017 Pediatric BoneAge Challenge [157]. The dataset 

contains images of children’s hand skeleton with skeletal age between 0 to 216 months. It contains 

a total of 14,236 hand skeletal images of which 47% of them are female with mean age of 129 

months. There was no description whether the children in the dataset are healthy or unhealthy as 

the challenge is to promote the showcase of machine learning on x-ray hand images. The 

annotations for the joints were annotated in https://github.com/razorx89/rsna-boneage-

ossification-roi-detection from the RSNA Pediatric BoneAge Challenge dataset (Figure 5-1). 

There are 240 training images in total and 89 evaluation images annotated with region of interests 

of the joints. All of the images consist only x-ray images of the left hand. The region of interests 

were labeled with DIP, PIP, MCP, Wrist, Radius, and Ulna. We included only PIP, MCP, wrist, 

radius, and ulna in the training. Each image contains 5 PIP joints, 5 MCP joints, 1 wrist, 1 radius, 

and 1 ulna joint which can be seen in Figure 5-1. 

 

In addition, a test set with serial radiographs collected from participants enrolled in the prospective 

Manitoba Early Arthritis Cohort (EAC) were used to validate the algorithm/tool. The Manitoba 

EAC is an inception cohort that enrolls adults with recent onset RA and collects clinical data and 

radiographic images as part of a study protocol.  Participants have been followed for up to 10 

years.  The cohort and related studies have been approved by the Ethics review board at the 

University of Manitoba. 
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5.2.1 Model Architecture 

In order to detect each joint, we first used YOLOv5l6 to train on the dataset to predict the joint. 

The difference between YOLOv5 and YOLOv5l6 is that YOLOv5 has 3 output layers while 

YOLOv5l6 has 4 output layers. Having 4 different output layers increases the total number of 

scales the model looks at and can enhance performance. YOLOv5l6 is an object detection 

algorithm that uses convolutional neural network as one of its building blocks to detect objects. It 

only requires a single pass to the neural network to detect all the objects in the image. YOLOv5l6 

consists of 3 sections – backbone, neck, and head. The backbone section uses a cross stage partial 

network (CSP) [158] to generate feature maps at multiple levels, similar to that of a feature 

pyramid network [159]. The lowest level of the backbone is replaced with spatial pyramid pooling 

to remove the requirement of having a fixed-constraint image size. The output from the multiple 

level of CSP is passed into a path aggregation network (PANet) [160]. PANet generates feature 

pyramids that are useful to generalize features in multiple scales. This helps with detecting objects 

of different sizes. PANet upscales and concatenates the features from the backbone, and then 

passes the features into a bottom-up augmentation before passing them to the head of the model to 

be used for prediction. [161] stated that bottom-up path augmentation can capture both global and 

local features as higher-level layers correspond to the entire object while lower-level layers 

correspond to local patterns and features. This enhances the ability of the network to classify 

objects. The architecture of YOLOv5 is shown in Figure 5-2 which was obtained from an online 

message group [162]. 
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Figure 5-1 An example of an x-ray image from the RSNA Pediatric BoneAge Challenge with 

annotated joints 

 

The loss functions of YOLOv5l6 consists of 3 parts, object loss, classification loss, and bounding 

box regression loss.  

 

The object loss is:  

 

                   𝑜𝑏𝑗	𝑙𝑜𝑠𝑠 = −∑ ∑ 𝐼>T
@§T¨𝐶©> log(𝐶>) + l1 − 𝐶©>m log(1 − 𝐶>)ª«

Tbp −¬�
>bp  

                                    ∑ ∑ 𝐼>T
h@@§T[𝐶©> log(𝐶>) + l1 − 𝐶©>mlog	(1 − 𝐶>)]«

Tbp
¬�
>bp  (5.1) 
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S is the size of the grid of the images divided by yolo, B is the number of bounding boxes, 𝐶©> is 

the prediction of the existence of an object in grid i, and 𝐶> is the ground truth of the existence of 

an object in grid i. As there are many grid cells that does not contain an object, this will skew the 

model to predict all 0s (no object in grid cell). To solve this, 𝐼>T
@§T and 𝐼>T

h@@§T are used. 	𝐼>T
@§T 

emphasizes more weights on the grids that contain an object while 𝐼>T
h@@§T will reduce the weights 

on the grids that does not contain an object. 

 

The classification loss is: 

 

𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛	𝑙𝑜𝑠𝑠 = −∑ ∑ [𝑝̂>(𝑐) logl𝑝>(𝑐)m + (1 − 𝑝̂>(𝑐)) logl1 − 𝑝>(𝑐)m]F∈FU�iiQi
¬�
>bp  (5.2) 

 

𝑝̂>(𝑐)  is the confidence of the class predicted and 𝑝>(𝑐) is the ground truth label. 

 

 

Figure 5-2 The architecture of YOLOv5 model 
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The bounding box regression loss is: 

 

                                                𝐼𝑜𝑈	𝑙𝑜𝑠𝑠 = 1 − 𝐼𝑜𝑈 + }�l§,§¯°m
F�

+ 𝛼𝑣 (5.3) 

 

𝑝$ is the Euclidean distance and c is the diagonal length of the smallest box covering 𝑏	𝑎𝑛𝑑	𝑏¥0. 

5.2.2 Model Training 

We used YOLOv5l6 to detect PIP, MCP, Radius, Wrist, and Ulna and removed the DIP labels as 

they are not important in determining damage for rheumatoid arthritis. We started the training from 

a pre-trained YOLOv5l6 model on the COCO dataset (Figure 5-3). We added several 

augmentations to the image before feeding them into YOLOv5l6 model including mixup [163] 

(mixing up features of different images together into one), mosaic [49] (combines 4 training 

images into 1 image), rotation, translation, scaling, and shearing augmentations. 

 

 

Figure 5-3 Pre-training YOLOv5l6 model on COCO dataset before training on joint detection on x-

ray images of hands 
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5.2.3 Model Evaluation 

We used the intersection over union (IOU) metric to evaluate the performance of the joint 

detection. IOU is a method that looks at the overlapping area of the predicted output and the ground 

truth mask. The equation for IOU is: 

 

                                          𝐼𝑜𝑈 = 	 }~QO>F0QO	@£0}£0	∩¥~@£hO	0~£0{	]�iW
}~QO>F0QO	@£0}£0	∪¥~@£O	0~£0{	]�iW

 (5.4) 

 

Instead of using accuracy to measure the performance of the object detection model, we used F1 

score. While accuracy is one of the ways to measure performance, it is not the best metric to 

measure skewed distributions. We used F1 score because F1 score is a much better evaluation 

metric that treats both positive classes and negative classes equally. The equation for F1 score is 

as follows: 

 

                                                         𝐹1 = 	2 × }~QF>i>@h×~QF�UU
}~QF>i>@hV~QF�UU

 (5.5) 

 

where precision is: 

 

                                                                   𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	 n 
n V¤ 

 (5.6) 

 

and recall is: 

 

                                                                      𝑟𝑒𝑐𝑎𝑙𝑙 = 	 n 
n V¤�

 (5.7) 
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TP is true positive, FP is false positive, FN is false negative. An example of this would be if there 

is a PIP joint and the model predicted it as PIP, then it is considered as true positive. PIP joints 

that are detected as MCP joints are false negatives. MCP joints which are detected as PIP joints 

are false positive. The same applies to the other joint types. 

 

We provided a set of IOU threshold and any predicted bounding boxes that have an IOU of greater 

than the IOU threshold when compared to the ground truth bounding boxes were considered as the 

prediction. 

 

5.2.4 Results 

We set the confidence threshold for our model to be 0.35 with 0.1 non-maximum suppression 

(NMS) IOU threshold as it seemed to remove wrongly predicted joints when we looked at the 

detection ourselves. Any joint predictions that did not have a confidence threshold of more than 

0.35 was removed. As for the NMS IOU threshold, any boxes that have a lower scoring box but 

with IOU greater than the NMS IOU threshold with another higher scoring box was removed. 
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Table 5-１ shows the average precision on different values of IOU with the ground truth labels. 

We can see that there is still a high performance with the overlap between the predicted boxes with 

the ground truth labels when the IOU is 0.3. Even though this is not much, the joints detected were 

still located at the fundamental joints area indicating that the model could have either predicted the 

boxes too big or too small but is still able to capture the joints location. 

 

YOLOv5l6 that is pre-trained on COCO is able to achieve a better performance than no pre-

training. Table 5-２ shows the F1 score, precision, and recall metrics for the joints with 0.35 

confidence threshold and 0.1 NMS IOU threshold. All joint types were able to achieve at least 0.98 

F1 score performance when evaluated on the evaluation set. 
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Table 5-１ Joint detection average precision on different thresholds 

  

 

 
 
 
 
 
 
 
 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Pre-trained on COCO 

Threshold

/Average 

precision 

0.1 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.5 0.55 

PIP 0.99 0.99 0.99 0.99 0.97 0.87 0.73 0.55 0.38 0.26 

MCP 0.99 0.99 0.97 0.89 0.75 0.58 0.42 0.27 0.2 0.16 

Wrist 0.99 0.99 0.99 0.99 0.97 0.97 0.94 0.93 0.92 0.88 

Radius 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.97 0.93 

Ulna 0.99 0.99 0.99 0.99 0.97 0.97 0.96 0.96 0.82 0.7 

No Pre-trained 

PIP 0.98 0.98 0.98 0.98 0.97 0.93 0.85 0.69 0.46 0.3 

MCP 0.98 0.98 0.95 0.89 0.82 0.71 0.60 0.46 0.35 0.26 

Wrist 0.99 0.99 0.98 0.96 0.94 0.94 0.91 0.89 0.89 0.84 

Radius 0.98 0.98 0.98 0.98 0.98 0.98 0.97 0.94 0.93 0.86 

Ulna 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.67 0.65 0.48 
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Table 5-２ Joint detection metrics 

pre-trained on COCO 

 PIP MCP Wrist Radius Ulna 

F1 0.994 0.991 0.993 0.988 0.987 

Precision 1 0.993 1 1 0.997 

Recall 0.987 0.989 0.986 0.976 0.978 

No pre-trained 

F1 0.928 0.971 0.921 0.977 0.504 

Precision 0.883 0.986 0.87 1 1 

Recall 0.978 0.957 0.978 0.955 0.337 

 

The mean metrics are shown in Table 5-３. Map0.1 is the mean average precision with IOU 

threshold set as 0.1, map is the mean average precision from 0.1 IOU threshold to 0.55 IOU 

threshold. The PIP and MCP joints have the highest number of targets as there exist 5 joints for 

each of them while only 1 joint each for wrist, radius, and ulna. 

 

Table 5-３ Joint detection mean metrics 

Pre-trained on COCO 

 Seen Number 

targets 

Mean 

precision 

Mean recall map0.1 map 

All 89 1157 0.998 0.983 0.993 0.854 

PIP 89 445 1 0.987 0.994 0.772 

MCP 89 445 0.993 0.989 0.994 0.624 

Wrist 89 89 1 0.986 0.994 0.958 
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Radius 89 89 1 0.976 0.994 0.983 

Ulna 89 89 0.997 0.978 0.988 0.933 

No pre-trained 

All 89 1157 0.948 0.841 0.919 0.81 

PIP 89 445 0.883 0.978 0.984 0.814 

MCP 89 445 0.986 0.957 0.977 0.7 

Wrist 89 89 0.87 0.978 0.987 0.932 

Radius 89 89 1 0.955 0.977 0.957 

Ulna 89 89 1 0.337 0.669 0.647 

 

Figure 5-4 shows the visualization of the joint prediction by YOLOv5l6 on the Manitoba dataset 

of RA patients. They were all correctly predicted by YOLOv5l6. YOLOv5l6 was able to predict 

the joints regardless of the image sizes. It was also able to predict joints correctly on images that 

contain either left/right hand or both hands even though the training data consists only of left hands. 
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Figure 5-4 Visualization of predicted joints (PIP, MCP, wrist, radius, ulna) of rheumatoid arthritis 

patients by YOLOv5l6. 

 

We showed an example of the extracted joints for a patient’s left hand in Figure 5-5. This image 

shows a close-up picture of the extracted joints of PIPs, MCPs, wrist, radius and ulna joints. 
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Figure 5-5 Extraction and numbering of joints of hand. 

 

5.3 Summary 
In this chapter, we showed YOLOv5l6 is capable of detecting joints (PIP, MCP, wrist, ulna, radius) 

of rheumatoid arthritis patients even if YOLOv5l6 was trained on left hand joints of healthy 

patients. YOLOv5l6 was able to achieve a higher performance when the pre-trained weights were 

started on weights that were trained on the COCO dataset.  
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Chapter 6 Conclusion and Future Direction 

6.1 Conclusion 
 
In conclusion, this thesis shows how deep learning can be applied to gut microbiome, oral 

microbiome for disease status prediction and joint detection on rheumatoid arthritis datasets 

without rheumatoid arthritis joints datasets. We could use statistical models to apply to the 

datasets, statistical models will be able to find, explain relationships and establish significance of 

relationships between variables much better than deep learning. However, statistical models would 

not be able to achieve a higher performance than deep learning models as statitical models are not 

the best with complex distributions.  

 

Even though deep learning models are high performing, they can be difficult to apply to healthcare 

data as it is hard to trust models that have no explanation with their predictions. It can be also 

difficult for deep learning to apply knowledge learned from a domain to a totally different domain 

since healthcare consists of a lot of complicated causal connections that lead to one another. 

 

In Chapter 3, we described how deep learning can be used to extract information from the 

temporal information of gut microbiome to predict disease severity. Due to the nature of gut 

microbiome, it is very difficult to obtain longitudinal gut microbiome data without missing 

information. Missing information can impose a challenge for the analysis and classification of data 

using deep learning. We experimented with data imputation and padding techniques to resolve the 

missing information in longitudinal gut microbiome. Additionally, deep learning tends to require 

a large amount of data to achieve a stable performance. However, there tends to be a limited 

amount of longitudinal gut microbiome data available as it is challenging to obtain them. We 
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proposed to use self-knowledge distillation to resolve this. Specifically, we used CNN-LSTM with 

self-knowledge distillation and padding techniques to resolve these challenges. We were able to 

obtain a high AUC when evaluated the deep learning model on DIABIMMUNE study and 

PROTECT study. 

 

In Chapter 4, we showed how deep learning can be used to incorporate batch effects into 

predicting disease status through oral microbiome. As samples tend to be collected with a 

difference in location, time taken, equipment, and handlers, difference in measurement for similar 

samples are bound to happen creating batch effects in samples. We proposed to use an autoencoder 

and LassoNet while incorporating batch effects from samples into them to learn the distributions 

and to predict the disease status (CF, ECC) through the oral microbiome. We carried out a “leave 

one dataset out” on 5 different studies: Teng 2015, Agnello 2017, Gomez 2017, Kalpana 2020, and 

Vivianne 2020 and showed that LassoNet is able to outperform the autoencoder and several 

baseline methods that we compared against (NWCQ and Lasso regression). 

 

In Chapter 5, we carried out joint detection on rheumatoid arthritis patients using YOLOv5l6. As 

there is a lack of dataset of rheumatoid arthritis patients, this poses a challenge for deep learning 

since deep learning requires a large amount of dataset to be able to achieve a high performance. 

Instead of using data from rheumatoid arthritis patients for joint detection, we used joints from 

normal patients to train YOLOv5l6 on, then used the trained YOLOv5l6 to detect joints on 

rheumatoid arthritis patients. Specifically, we predict PIP, MCP, wrist, radius, and ulna of the 

hands. We used RSNA 2017 Pediatric BoneAge Challenge for our training dataset of healthy joints 

and evaluated on the Manitoba dataset of joints with rheumatoid arthritis. We also showed that 
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starting YOLOv5l6 on a pre-trained COCO dataset is able to improve the performance for joint 

detection on rheumatoid arthritis patients. 

6.2 Future Direction 

In the future, we can apply the self-knowledge distillation techniques to other microbiome dataset 

or to areas where there is a limited amount of dataset for deep learning to be able to achieve a good 

performance.  

 

Batch effects are carried out by using two-step approach in the past, and the batch effects are 

removed using some normalization technique followed by a statistic model to carry out disease 

classification. Instead of using two-step approach, we incorporated batch effects directly into 

LassoNet to carry out a one-step approach which could save time and run a more efficient 

approach. For future work, this research can be extensible to other areas of the human body other 

than the gut and oral microbiome. Other kinds of disease classification can also be extended 

including but not limited to cancer, tumours, nervous system disease, Parkinson’s disease, and 

Alzheimer’s disease. 

 

As for the future work on rheumatoid arthritis experiment, we will use this tool to identify/extract 

the joints detected on radiographic images from rheumatoid arthritis patients, classify the severity 

joint damage (joint space narrowing and erosions), and correlate our deep learning algorithm /tool 

with clinician assessed radiographic damage. Additionally, we will use deep learning to extract 

joints in combination with serially collected radiographs and longitudinal clinical data to predict 

changes in rheumatoid joint damage over time. This application may assist clinicians caring for 

individuals with rheumatoid arthritis by informing RA treatment strategies.  
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