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Abstract

Developing a Visualization Tool

for Unsupervised Machine Learning Techniques on *Omics Data

Jiayuan Guo

Chair of the Supervisory Committee:
Professor David A.C. Beck
Chemical Engineering

Machine learning is a powerful technique to analyze massive *omics data. Combined with
visualization approaches, such as gene expression profile graphs, machine learning algorithms has
found great use in exploring the hidden mechanism in *omics field.

This work presents a user-friendly web application, called DashOmics to efficiently
compute unsupervised machine learning algorithms on *omics data and interactively visualize
machine learning results and gene expression profiles to provide insight into underlying gene
expression patterns. The functionality of DashOmics includes K-Means clustering algorithms,
Elbow Method and Silhouette Analysis as model evaluation methods to explore clustering analysis
on *omics data, and also Principal Component Analysis (PCA) to reduce dimensionality and
visualize data in an intuitive way. It is open-source and freely available on GitHub at

https://github.com/BeckResearchLab/DashOmics
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Chapter 1: INTRODUCTION

1.1 Machine learning analysis on *omics data

Genomics, transcriptomics, and other *omics fields are known for producing enormous
volumes of raw sequencing data. Methods and tools are needed to analyze and handle such
burdensome data and provide insights into the underlying mechanism.

Machine learning is a method used for developing and applying computer algorithms,
enabling computers to assist humans in making sense of large, complex datasets®. In the past
decades, machine learning methods have found great use in genetics and genomics field. It helps
to understand the mechanisms underlying gene regulation, metabolic pathways, genetic

mechanism of diseases and gene expression pattern.

Machine learning methods are usually segregated into two primary categories: supervised
versus unsupervised methods.

Supervised machine learning contains classification and regression, which are useful for
datasets with both input and output variables, such as gene function classes prediction and cancer
classifications. Brown et al.® applied support vector machines (SVM, one of supervised machine
learning methods) to six functional classes of yeast genes from 79 samples and predict the
functional classes that are expected to be co-regulated.

Unsupervised machine learning methods, such as clustering and principal components
analysis, can better explain the situation in which we only observe input variables but without
predetermined set of labels or numerals as output. Clustering method, which is commonly used for

gene expression analysis, has been proved useful in finding groups of co-regulated genes or related



samples. The application of clustering analysis on genomics data can be divided to two general
classes: grouping genes and grouping samples with similar properties. The hierarchical clustering
and K-Means clustering algorithms have been widely used for clustering expression profiles by
genes*. Tavazoie et al. ° clustered profiles of 3000 yeast genes into 30 clusters by the K-Means
algorithm and uncovered new regulons (sets of co-regulated genes) and their putative cis-
regulatory elements. Hierarchical clustering algorithm has also been used for sample clustering.
One common application is clustering of tumors to find new possible tumor subclasses. Alizadeh
et al.5 applied hierarchical clustering algorithm to 96 samples of normal and malignant
lymphocytes in diffuse large B-cell lymphoma (DLBCL), to study the diversity in gene expression

among the tumors of DLBCL patients.

1.2 Visualization of *Omics Data

Although various machine learning methods can organize tables of genomics
measurements, the results are still massive collection of numbers and remain difficult to take in
and understand fully. Therefore, visualization is another key aspect of both the analysis and
understanding of these data.

Scatter plot, profile plot and heatmap are the three most commonly used visualization
methods in gene expression studies’. Scatter plots combined with dimensionality reduction
methods (eg. Principle Component Analysis) are excellent to reveal clusters and outliers for
multivariate data and gain insight into global patterns®. Profile plots display the expression level
of genes across a set of samples, making it possible to generate hypothesis about the expression
trend. Heatmaps provide globally visualization and summarization about the abundance of gene in

each sample represented in color®.



Currently, there are different visualization tools for expression data in *omics field.
Methods are available in R, MATLAB, and many other analysis software. Here we take Python

Plot.ly, R Shiny and Tableau for comparison.

There is a R Shiny app made by David Beck for expression-based analysis of micro-
organisms. Functionalities include clustering analysis, regulatory motif discovery, sequence search

and exploratory analysis workflow capture'®.

cwusnems-
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Figure 1 R Shiny app by David Beck.

Visualization tool for expression-based analyses of micro-organisms built in R Shiny app by David Beck. Ul
showcasing the visualization of clustering analysis generated from a transcriptomics dataset. Progress bars appear at

the top to reveal clustering results by choosing clusters/genes for example data or upload users’ own raw data. K



values have been precomputed and can be chosen by the user. Motif discovery and related genes profiles are

displayed below. Source code can be viewed on Github.

However, due to R’s single threaded nature, the application performance is less productive.
Models need to be precomputed and stored in MySQL database. Each time it takes users about 10
seconds to interact with the results in database. Besides speed and efficiency, continuity and
maintenance are another concern for R Shiny app. The functions used in the app gets outdated
sometimes with newer package version. It’s necessary to update it time to time!%1?,

Also, Tableau is a powerful visualization Bl tools without any coding background. It’s easy
to handle by simple clicking and dragging. However, Tableau becomes awkward to use when it

comes to data manipulation and machine learning analysis.

Coding
Tools Speed Maintenance Data Analysis Fees
Background
Python Plot.ly
Good Good Good Python Free
Dash
R Shiny Bad OK Good R Free
Tableau Good Good Bad Not needed Commercial

Table 1 Visualization Tools Comparison

In view of these situations, we developed a multi-page web application, called DashOmics,
for interactively displaying the results of clustering analysis, and providing the underlying gene
expression insights in a form intuitive for biologists. It leverages the machine learning capabilities
of Python in Plot.ly - Dash framework and create an interactive web browser-based application.

Currently, DashOmics allows users to go through the following modules via a step-by-step process:



(1) Choosing example datasets or uploading users’ own datasets to explore DashOmics; (2)
Deciding optimal number of clusters by two model evaluation methods -- Elbow Method and
Silhouette Analysis; (3) Overview of overall cluster profiles; (4) Exploring a certain cluster or
gene profile.

These modules form an integrated pipeline, but each step can also be used independently.



Chapter 2: MATERIALS AND METHODS

In this chapter we provide information regarding the format of example datasets and the

experimental methods applied in our study.

2.1 Data Description

Example RNA-seq dataset is consists of over 40 samples from 12 different bioreactor
experiments, focusing on identifying co-expressed genes during a copper-induced metabolic time-
switch experiment??,

The raw data is transformed into gene expression matrices -- tables where rows represent
genes, columns represent samples of different experimental conditions. And each cell in matrix
containing numbers characterizing the expression level of particular gene in the particular sample.
The total dataset is then log2 transformed and normalized to reduce the variance between samples.
A sample in experimental condition which fed batch on methanol is chosen to be the baseline.
Preprocess of log-transformation and taking ratio allows users intuitively visualize and interpret
data in the same order of magnitude!*. The normalized read counts are the starting point for the

following unsupervised machine learning analysis.

2.2 DashOmics Workflow
This project is built on the top of Plot.ly - Dash'®, a web-based interfaces in Python,
requiring no HTML, CSS or JavaScript programming experience for Graphical User Interface

(GUI) design.



User Local Dataset
(CSV or Excel files)

| |
! : Explore DashOmics , :
Step 0: Define Input Data || (Choosing existing example data) '\ Upload Users’ Own Data :
| |
| |

T T T T T T T T :1_____—_______ Parsed as DataFrame
I b Method } by Pandas
. Elbow Methol >
Step 1: Model Evaluation | R E—
|
|

Silhouette Analysis

————————————— J - SQlite
o ZE i — 1 Database

| I
| Cluster Overview }
Step 2: Visualize Cluster Profiles | Choose Cluster }
| |
| |
| ]
| |

Choose Gene

g |

Figure 2 Workflow of DashOmics.

By following steps above, example data in database or local data from users can be chosen as input data. Elbow
Method and Silhouette Analysis are provided to help users predetermine optimal k value before applying K-Means
clustering algorithm on input dataset. Cluster profiles are visualized by three parts: cluster overview (including

cluster sizes and principle component analysis), specific clusters visualization and genes visualization.

Example datasets are stored in our SQL.ite database for users to play. Uploading csv or
Excel file into database is another choice. Local datasets are parsed as DataFrame by Pandas?®,
and then added into database as tables. Scikit-Learn'” is used to apply K-Means clustering method
on datasets queried from database, with two model evaluation methods — Elbow Method and
Silhouette Analysis. Cluster profiles of grouped genes based on specific k value are shown in
following layout.

The repository containing the scripts and instructions for the entire project is located on

GitHub?8.

2.3 Clustering analysis: K-Means Clustering

K-Means clustering is one of the most widely used clustering algorithm?°.



It starts by placing k centroid (c1, c2, ..., ck) at random locations within space of datasets.
For each individual point xi, compute Euclidean distance (EUC) between this point and every
centroid to find the nearest centroid c;. Then assign the point xi to cluster j of the nearest centroid.
Next step is resetting the position of each centroid by moving it to the arithmetic mean of all
individual points aligned to this cluster. The iteration of two steps above continues until none of
the cluster assignment changes, which means K-Means algorithm converges.

Compared to other clustering algorithm, K-Means clustering is easy to implement and
effective to identify clusters of dense data points in multi-dimensional datasets. However, the
limitation of K-Means clustering cannot be ignored: 1. Initial centroid placement have a strong
impact on the final results, which causes unstable clustering result; 2. K-Means clustering is
sensitive to scale. It does not work well with clusters of different size and density. It’s vital to
spend lots of time on scaling (normalization or standardization) your datasets; 3. It is difficult to

pick k value if little is known about the data.

2.4 Model evaluation: Elbow Method & Silhouette Analysis

K-Means clustering analysis requires an optimal k value to define the number of clusters.
Currently, there is no great ways to do it automatically. Here, we considered two common
strategies -- Elbow Method and Silhouette Analysis to help users manually choose the number of
clusters in visualization?.

In Elbow method, we run K-Means clustering in a selected range of k value, and compute
average sum of square error (SSE) for every k value. SSE is expected to be zero when k value is
equal to the number of data point and each point belong to its own cluster. By plotting the sum of
square error of every cluster against the range of k-values, we get a curve showing SSE decrease

as the result of increasing k value. There can be a “elbow point” where rapidly decreasing of SSE



ends and marginal decreasing begins, indicating it can be fitting noise instead of getting substantial
decrease in variance after that elbow point. This elbow point is the optimal k value we need to find.
Silhouette analysis is another model evaluation method which is worth a try when Elbow Method
does not work well. By measuring how close each point is to points in the same cluster and to
points in the neighboring clusters, Silhouette analysis provides a way to assess parameters like
number of clusters visually?'. The first step of Silhouette Analysis is computing the average
distance of each point to all other points in the same cluster, which is denoted as A. The second
step is computing the average distance of points to all the points in the nearest neighboring cluster,
which is denoted as B. Silhouette coefficient (Sc) value is defined as (B - A) / max (A, B). The
range of Silhouette coefficient is between -1 to 1. If values approach 1, resulting clusters are clearly
separated from each other and points in clusters are tightly packed. If values are negative, there

can be wrong assignments in each cluster. Values near 0 indicate overlapping clusters.

2.5 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is an unsupervised machine method designed mainly
to reduce dimensionality??.

In a multivariate dataset, there is often some degree of covariation between variables which
introduce redundancy into data. Basically, PCA finds the direction which maximizes variability of
data, calls it the first principal component and set it as horizontal axis. All the remaining principal
components are orthogonal of previous principal components and are ordered by decreasing
variance explained. So the principal component axis are now linear combination of original
variables. PCA rotates the original axes into this new principal component coordinate system.
There are two common application of PCA: 1. Optimization of machine learning methods which

are running slow because of their high dimensionality; 2. Visualization of multivariate data with



two-dimensional or three-dimensional scatter plot representation of the expression profiles, in
order to aid the interpretation of underlying patterns that reveal clusters and outliers in the data.

PCA also has the inherent limitation: 1. It is not scale invariant. We need to scale our data before
implementing PCA for dimension reduction; 2. PCA is based on the hypothesis that variables are

correlated. If not, PCA just orders them according to the amount of variances they contribute?.
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Chapter 3: RESULTS AND DISCUSSION

We propose DashOmics, an advanced user-friendly analytical suite capable of efficiently
computing unsupervised machine learning algorithm and creating interactive visualization of

clustering results for genomics dataset in a web browser.

To use DashOmics, input data must be in the form of a matrix of numeric with gene name
as index column [Table 1]. The columns of the matrix might correspond to various samples of
different experimental conditions. The numerical values which represent gene expression level

need to be normalized to the same scale.

id FM18_CH30OH_4.1/day | FM18_CH30H_4.1/day R1 FM20_no-
lim_5.2/day R1
MBURv2_100001 0.19239034 0.399055752 0.031919312
MBURv2_100002 -0.405649447 -0.30995986 -1.050033096
MBURv2_10017 -0.020934651 0.060153387 0.221941622 0.239143072

Table 2 Example data

Usage of DashOmics can be divided into following steps:
Step 0: Define Input Dataset

Input dataset can be defined in two ways: choosing an existing example dataset from
dropdown menu or uploading a local file. Upon choosing example data or uploading the input data,

data table will automatically show the content of datasets.

11



Choosing Example Data to Explore DashOmics

| example_1

Or Upload Your Own Files

Updated Table

id

MBURv2
MBURv2.
MBURv2
MBURv2
MBURvZ
MBLRvV2,
M 2

MBURv2

FM18_CH: FM18 CH: FM20_no-

0.192390
-0.40564!
-0.349811
-0.429261
-0.47512(
-0.89925(
0.097044

0.183645

0.399055
-0.30995¢
-0.432151
0.644219
-0.15999¢
-0.82577
0.142822

0.749078

0.226043
-0.58134:
-0.74881°
0.573051
-0.39891¢
-0.25363
0.688213

0.118907

FM20_no-

0.031919
-1.05003!
-1.12651
0.232233
-0.153808(
-0.255741
0.957357

0.461010

FM21_no-

-0.25021;
-1.23583
-1.17654(
-0.06084(
-0.36463
-0.25062!
0.784590

-0.24897.

FM21_no-

0.024218
-0.52002:
-0.97453;
0.395559
-0.54351:
-0.282271
0.545845

-0.27358

Drag and Drop or Selec

FM21_no-

-0.37593¢
-1.161491
-1.157314
-0.097191
-0.40333¢
-0.270341
0.766510

-0.063831

FM12_CH:

-0.66213.
-1.27465¢
-1.81223¢
-1.32505¢
-1.10688¢
=1.44790¢
-0.34396¢

-0.07151(

FM12_CH«
-0.66496!
-1.24386!
-1.774421
-1.76995(
-1.11642(
-1.43312(
-0.32409

-0.578551

FM14_CH:

-0.34074(
-1.71563
=1.72456(
-0.577718
-0.83234¢
-1.61838
-0.49922!

-0.3603%¢

Figure 3 DashOmics Homepage

FM14_CH:

-0.336631
-2.215571
-1.77843;
-0.566891
-0.94766!
-1.77635¢
-0.63887!

0.247718

FM19_02-

-0.39005!
-0.49342(
=1.75174
-0.10151
-1.024351
-0.86905¢
0.039684

-0.60933!

FM19_02
-0.59917(
-0.86513¢
-2.12693!
-0.505711
-0.76742¢
-0.924001
0.393182

-0.022271

- FM19_02-

-0.59152:
-0.66204:
=2.11135¢
0.60411¢
-0.86828(
-0.65813t
0.426911

-0.47763:

FM22_02-

-0.45494’
-1.29383
-1.71625
-0.68638
-0.87858:
-0.83787:
0.183031

-0.318491

FM22 02-
0.015632
-0.55263!
-1.674831
0.158426
-0.83169
-0.77252:
-0.03657(

-0.98126(

FM22 ¢
-0.2290:
-1.1970
-1.7509:
-0.3554
-0.6761:
-0.8228
0.32734

-0.3943

If uploading and choosing example data are triggered simultaneously, input error arises in

console indicating “Upload data conflicts with Example data”.

In this case study, we choose the first example dataset in the dropdown menu as input data

for following analysis.

Step 1: Model Evaluation -- define optimal k value as number of clusters

To choose an optimal k value for K-Means clustering analysis, we start with Elbow Method

as a model evaluation approach.

In our analysis, we choose 2 to 30 as the range of k value. However, both two curves --

sum of within cluster distance and the difference of the distance to next lower k look like

ambiguous that does not give a clear answer as “elbow” point to identify optimal number of

clusters.
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Step 1 -- Model Evaluation: Elbow Method

Choose range of K Value

30

Model Evaluation: Elbow Method for Optimal K Value

Distance Value
- -
(=] wu
(=] o

u
=]

0 — —_— S S N . — ———
\u — —"
™ /
=-20 1‘- /
£ \ )
]
£-40 \
1o} {
4 \ /
[a) \/
—60
\/
\/
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K Value
*— Sum of Within-cluster Distance/1000 -—=— Difference of Sum of Within-cluster Distance to Next Lower K/1000

Figure 4 Elbow Method

The Elbow Method is a very generic heuristic approach to estimate number of clusters in an unknown dataset. Here,
by computing average sum of within cluster distance and the difference of the distance to next lower k, we get two

smooth curves which is hard to find the “elbow point™.

We don’t have a high expectation that Elbow Method works for any particular questions,

but it is always worth a shot.

In Silhouette Analysis for our case study, we calculate silhouette scores for k ranging
from 2 to 30. The resulting plot is highly skewed toward a smaller k-values which would not be

useful for this situation.

13



Model Evaluation: Silhouette Analysis for Optimal K Value

0.35

o
8] I
t w

Silhouette coefficient (Sc) Value
o
(¥}

0.15

5 10 15 20 25 30
K Value

Figure 5 Silhouette Analysis

Fig 5. Silhouette Analysis plot for a range of k value. It is a very generic heuristic approach to estimate number of
clusters in an unknown dataset. Here, we get a highly skewed curve which suggest Silhouette Analysis should be

abandoned in this case.

For the dataset in this study, the silhouette analysis does not prove to be useful at suggesting
a k-value.

When common model evaluation methods fail to get a certain answer for optimal k value,
biological background and key information about data characteristic need to be introduced as

assistance.

Step 2: Cluster Profile
Setting k value equals to 20, we will get an overview profile of cluster sizes and its two-

dimensional projection.

14



Cluster Sizes

Number of Genes in Each Cluster

10
Cluster Id

Figure 6 Cluster sizes

We expect a better clustering result is with more balanced cluster sizes.

A vital part of using PCA is the ability to estimate how many components are needed to

describe the data.

Principle Component Analysis -- Total Variance Explained

100

80

60

40

% Variance Explained

20

0 5 10 15 20 25 30 35 40

Number of Principle Components
—e— Total Variance Explained [ Variance Explained by Single Principle Component

Figure 7 PCA variance explained plot
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The total variance explained curve indicates 20 components generally describe the
dataset. The first PC contains 72.94% of the variance and the second PC contains 6.97% of the
variance. Together, the two components contain 79.91% of the information, which can be a
roughly estimate for dataset.

Principle Component Analysis 2-D Projection

cluster 0

cluster 1

= cluster 2

cluster 3

cluster 4

* cluster 5

cluster 6

cluster 7

cluster 8

N cluster 9
5 . A = cluster 10
| cluster 11
cluster 12
* cluster 13
= cluster 14
cluster 15
cluster 16
cluster 17
cluster 18
cluster 19

PC2, explained variance ratio: 0.0696731415943

-30 -20 -10 0 10 20 30
PC1, explained variance ratio: 0.729447497706

Figure 8 Principal Component Analysis 2-D Projection

The 2-D projection plot clearly shows the global results of clustering. Clusters which are
of small sizes and visually close to each other can be co-regulated or functionally similar. They

can even be classified as one cluster with further exploration.

If users want to look deeply into a certain cluster profile, we can type in cluster id to display

the average expression profile of a one specific cluster.

16



Cluster #8 Profile Overview (including 6 genes)
—— the mean of gene expression level —— the minimum of gene expression level —— the maximum of gene expression level

Expression Level

Sample Name

Cluster #18 Profile Overview (includina 18 aenes)
= the mean of gene expression level —— the minimum of gene expression level —— the maximum of gene expression level

Expression Level

B, o
O Ve N

Sample Name

Figure 9 Average expression profile of Cluster #8 and CLUSTER #18
Two cluster profiles share similar trend: highly expressed in the absence of Cu and during the first several time

points after Cu induction, and also highly expressed at sample FM 69 & FM 81.

From average expression profile above, it’s easy to find genes in cluster #8 and cluster #18
have similar expression trend but different magnitude across the samples. Hypothesis is generated

that genes in cluster #8 and cluster #18 might encode proteins that complete a specific function.

If users generate interests in expression profile of a certain gene, we can type in gene

name to find out which cluster it belongs to and what the average expression profile look like.

17



Also, if EIbow Method and Silhouette Analysis are not useful at suggesting a k value, exploring
specific gene profile in “Choose Gene” part can be another way to help determine the optimal
number of cluster when some key information about the data is known.

In this dataset, a list of genes is known to be highly expressed at the start of the Cu-
switch experiment and then repressed throughout the time-course. By computing the k-means

clustering analysis with a varying k-value until the desired cluster is identified to have a similar

trend with the target gene.

Cluster #5 Profile Overview (including 10 genes)

—— the mean of gene expression level the minimum of gene expression level —— the maximum of gene expression level ==«-+ expression level of MBURv2_130043

Expression Level
I

Sample Name

Figure 10 Average expression profile of Cluster #5 and target gene MBURv2_130043
When k = 20, the average gene expression level plot (solid line) shares the similar trend with target gene

MBURVv2_130043 (dotted line)

For this case, the desired cluster is obtained when k=20.
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Chapter 4: CONCLUSION

This chapter summarizes the work described in this thesis and provides recommendations

for future work.

4.1 Summary

We build a user-friendly web application designed to quickly and efficiently computing

unsupervised machine learning algorithms and creating interactive visualization within the Python

programming environment, without any prerequisite programming skills required of the user. Our

web-based application aims to enhance the genomic data exploration experience by integrating

unsupervised machine learning capability and visualization.

DashOmics is especially useful for exploratory data analysis and generating hypotheses,

but extra biological background and experiments are still needed for getting a certain answer.

4.2 Future Work

The following steps can be pursued to improve the work completed in this project:

1.

Adding preprocessing functionality for raw data, such as cleaning and filtering raw data,
normalizing and choosing certain sample as baseline, in order to extend the application
scope from clean and normalized data, to experimental raw data.

Applying other clustering analysis algorithms, eg. hierarchical lustering analysis, which
can be used to group samples instead of genes with similar properties?*.

Setting data table for edible input datasets and giving users options to apply clustering
analysis on selected subgroups of samples or genes.

Adding features from R Shiny cluster analysis app made by David Beck, eg. motif
discovery and sequence search.

Refining layout with CSS themes and editing documentation for user instruction

19
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