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ABSTRACT OF THE DISSERTATION

Contributions to Structured and Unstructured Data Analysis: Liquid Association

Computation Acceleration and Word Similarity via Folksonomy
by

Guanl Wu
Doctor of Philosophy in Statistics

University of California, Los Angeles, 2019
Professor Ker-Chau Li, Chair

In this thesis, I organize two independent projects into five chapters. The first chapter
introduces Liquid Association and our proposed method to accelerate its computation. The
second chapter is related to the design of the computational structure for Liquid Association
website (LAP3). The third chapter is regarding the application of Liquid Association to
Global Health Observatory (GHO) data. The fourth chapter describes a novel method to
model the distribution of human ratings on word-similarity. The last chapter focuses on
the analysis of the relationship between the knowledge-based approach and the corpus-based

approach.
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CHAPTER 1

GPU Accelerated Liquid Association

1.1 Abstract

High throughput biological assays have provided numerous data sources for studying complex
interactions between multiple variables in a biological system. Many computational tools
for exploring the voluminous biological data are based on pair-wise correlation between
variables. Liquid Association (LA) is a novel statistical concept for inferring higher order of
association between variables in a system. While LA was originally introduced to study gene-
gene interaction involving three genes at a time, it can be applied for correlating biological
measurements with clinical variables such as drug sensitivity profiling and patient survival
time. It is computationally expensive to compute LA scores for all possible triplets in very
large datasets. Here we show how to take advantage of Graphic Processing Units (GPUs) for
speeding up the LA computing. Our GPU-accelerated version of LA computation (GALA)
achieved nearly 200-fold improvement over the traditional CPU-alone version. A companion

package in R was developed for facilitating follow-up analysis and improving user experience.

1.2 Introduction

Correlation is a simple yet powerful concept in analyzing gene expression data. Two genes
with positively correlated expression profiles are likely to be functionally associated and they
may participate in the same or related biological process. However, functionally associated
genes may not have correlation in expression. For instance, they may not be regulated at

the transcription level and they have multiple functions. Co-expressed genes may become



uncorrelated or even turn into contra-expressed when the underlying cellular state changes.
Liquid association (LA), as opposed to “steady” association, is designed to quantify the size
and the direction of the change of correlation between two genes. LA describes the ternary
relationship between variables in a system [Li02, LY04, LPY07, WSY08, SYL08, TWY10].
In gene expression study, the total computing complexity of LA is O(n3) where n is the
number of the genes. For integrated studies, it is time-consuming to compute all possible
combinations from whole genome gene expression, SNP, or copy number variation data.
[Li02]

To mitigate this problem, we developed a program via Compute Unified Device Archi-
tecture (CUDA) language for Graphic Processing Unit (GPU) platforms to accelerate the
performance of LA score computation. A 200 times speed-up over the CPU version was
obtained. A companion R package was also developed. The users can use it for visualizing

the correlation changes and for conducting further analyses.

1.3 Liquid Association

In the context of gene expression, LA conceptualizes the mediation of the change in the
co-expression pattern of two genes (X,Y’) by a third gene Z. A positive LA score indicates
that the correlation between gene X and gene Y is likely to change from being negative
to positive. Conversely, a negative LA score indicates the change from positive to negative
correlation. The standard procedure to obtain LA score LA(X,Y|Z) requires two steps
[Li02]:

1. Normal score transformation. To standardize each gene-expression profile with normal
score transformation, the m values in the profile are compared with each other and
their ranks Ry, ..., R,, are recorded. The ranks are then used to obtain the transformed
profile, @~ Y(R;/(m + 1)), Y (Ry/(m + 1)),..., 2" (R,,/(m + 1)), where ®(.) is the

cumulative normal distribution. Let X', Y’, Z’ denote the transformed profiles.

2. LA score computation. Compute the average product of the three transformed profiles,

2



(XyY/Z1 + ...+ XY Z! ) /m. This gives the LA score LA(X,Y|Z).

m-mT—m

It is computer intensive to obtain LA scores because the number of combinations in choosing
three from N genes or probes under study grows rapidly as N increases. It is typical for N
to exceed H0K in commercial human gene expression chips and the number gets 10 times
higher in SNP, DNA copy number, or methylation arrays. To improve user experience,
we also compare the computed LA scores and save the top positive LA scores and bottom

negative LA scores. This helps speed up the response time for on-line queries.

1.4 GPU Accelerated Liquid Association

GPUs were first introduced to accelerate computing speeds in computer graphics. Gen-
eral Purpose Computing on GPU (GPGPU) is a technique of using GPUs, which generally
requires a set of stream processors and a hierarchical memory structure, to execute the com-
puting tasks in parallel. We chose the popular CUDA language for reprograming the LA
computation. The speeds of GALA running on two different GPUs will be compared to the
C version running on the CPU machine in this article.

Since GPU executes in SIMT (Single Instruction Multiple Thread) mode, we must design
the instruction set for each thread, the GPU kernel function, to perform LA computation for
the three normal-score transformed profiles. In general, an optimized GPU kernel function
consists of several steps such as utilization of shared memory for computation, effective usage
of global memory bandwidth, efficient coordination of multiple threads. Our kernel function
was constructed with these performance considerations.

Shared memory is the key to the reduction of global memory traffic. In order to fully utilize
the shared memory, GALA partitions data into subsets so that each subset matches the size
of shared memory. Coordinated by the GPU scheduler, the GPU processing elements execute
a fixed number of the threads at a time and within the grouped threads, warp, the executed
instructions must be the same at any time point. Because the size of the warp is limited, we
constructed our GPU kernel function to tailor the dimensions of the matrices of the three

transformed profiles declared in the shared memory. As GPU transfers data by moving one
3



block of consecutive memory bits at a time, our input data are arranged with the memory

coalescing technique to minimize the transfer counts. The GPU scheduler also determines

when and which warp to be executed or placed on hold. A barrier synchronization function

is employed to coordinate the parallel activities of multiple warps, thus enabling the more

efficient parallel execution of threads (Algorithm 1).

Algorithm 1: The kernel function of GALA

kernel OfGALA (X,Y, 7)

inputs: X and Y € RF*™ 7 € Roxm

output: LA(X,Y, Z) € Rkxkxv

foreach t € v do

foreach i € m by Block_Size do
_ shared  x; + X|[Block_Size|[Block Sizel;
___shared___y; < Y|[Block__Size|[Block__Sizel;
_ shared  z; < Zy|Block Sizel;
___syncthreads();
LA(X,Y|Z:) + LA(X,Y|Z;) + LA(x4, yi| 21.4);
__syncthreads();

| return LA(X,Y, Z);

Table 1.1: Parameters of the preference file, and their description

PARAMETERS

DESCRIPTION

NUMBER,_COLUMN
DATATYPE {X,Y,Z}
OFFSET_COL_{X,Y,Z}
GROUP_INDEX {X,Y,Z}
DATAFILE {X,Y,Z}
MYSQL_SQL_{X,Y,Z} 0
NUMBER_ROW_{X,Y,Z}
COMP_MODE
NUMBER_PAIRS

OUTPUT _FILE_TAG

LENGTH_RESTRICTION

Total number of columns in a dataset.

0: Not normalized, 1: Normalized.

Data starts with which column.

Fulfill 1 in correspondence with the number of column.
A file path for {X,Y,Z}.

A SQL query for {X)Y,Z}.

Total number of rows in a dataset

0: Keep all LA triplets, 1: Remove duplicate triplets.
How many triplets in both top and bottom will be kept.
A string for the file name and path of output.

An integer and indicates that at least LENGTH_RESTRICTION of values
a row must contain for computing a LA score.

GALA allows users to prepare inputs (X, Y, Z) with either flat files or SQL commands

to request data from MySQL database. Since maximum number of columns in MySQL is

generally far less then number of variables in a dataset, we take each row as a variable,

4



and require every row to have the same number of entries. Meanwhile, users are required
to prepare a preference file with computational arguments such as how many of top pos-
itive/negative LA scores will be saved, locations of input and output files, etc. Table 1.1
gives a list of parameters required in the preference file. There are two options to calculate
LA scores. If X,Y, Z are prepared by flat files, one can execute

>./gala tmp_foo_pref.txt

Otherwise, input data is requested from a database, one can execute

>./gala tmp_foo_pref.txt [IP address] [username] [password]

Initially, GALA dynamically declares the feasible number of threads according to the size of
input. When the input is too large to be computed, GALA will split the input into smaller
pieces so that each of them fits in the allowable number of threads for the kernel function.
In addition, if the input size is too small, GALA will launch the kernel function with an
adjusted number of threads to prevent the kernel function from running the extra threads.

The output of the kernel function is an array identifier and the LA scores with allocated
consecutively in the global memory. Once the kernel function was executed, GALA will
perform a modified version of Quick Sort. This sorting function is used to sort the outputs
from the kernel function and to filter LA scores according to the parameters of the preference
file. Tterations between the kernel function and the sorting function will be continued until

all LA scores are computed(Figure 1.1).

Users can install GALA on any GPU-equipped computers with make command. How-
ever, apart from CUDA library, it also requires users to install 1ibmysqlclient before
the installation as GALA allows users to retrieve data from a MySQL database. In the
package, we also provide tmp_yzfiles pref.txt and tmp_who fml pref.txt to demonstrate
how to prepare the preference files for GALA. Finally, GALA generates two output files,
QUTPUT_FILE_TAG TOP.txt and OUTPUT_FILE_TAG BOT.txt, of which every triplet is saved
in the form of {Index of Z, Index of Y, Index of X, LA score}, and all of triplets are sorted

in order.
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Figure 1.1: The flowchart of GALA. The normal score transformation and sorting of com-
puted LA scores are performed by CPU as shown on the left panel. Computation of LA
scores, the most time-consuming part, is executed by GPU as shown on the right panel.

1.4.1 Performance

We demonstrated the improvement of GALA over the original LA program with eight public
available gene expression datasets as Table 1.2 shows. We used two different types of GPU
cards to implement GALA, Tesla M2050 which contains 448 sets of 1.3 GHz processors with
6 GB dedicated memory and Tesla M2090 which contains 512 sets of 1.3 GHz processors
with 6 GB dedicated memory. On the other hand, the CPU version of LA is performed
on an Intel Core i7 965 model with the clock-speed at 3.2 GHz and 6 GB main memory.

Since the loading ratio between the LA-score computation and LA-score sorting was around
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Table 1.2: Eight Gene Expression Datasets

ID Sources
S1, S2 NCI-60 cancer cell line. [SVKO09]
S3 Lung adenocarcinoma. [STEOS]

S4 High-grade lung neuroendocrine tumors of the lung (GSE1037). [JVHO04]
S5 Various human and mouse tissues (GSE1122). [SWB04]

S6 Frozen tissue of primary lung tumors (GSE3141). [BYCO05]

ST Normal human tissues from selected samples (GSE7307). [Rot07]

Table 1.3: LA Performance Comparison. The column, Complexity, is defined as the number
of conditions multiplied by the square of the number of genes in log scale.

M2090 M2050 CPU Complexity

Dataset Subjects Genes

(sec.)  (sec.) (sec.) (log)
S1 0.66 0.79 31 9.75 60 9,706
S2 1.24 1.42 93.01 9.97 59 12,625
S3 8.5 10.5 1049 10.95 179 22,215
54 14.3 17.52 1774 11.17 91 40,368
SH 13.74  16.33  1566.11 11.21 143 33,689
S6 25.29 28,57  2182.37 11.51 111 04,683
S7 70.61  89.59 13695.81 12.15 473 54,675

10:1, the speed comparison for GALA would be focused on the LA-score computation only.
We used the most time-demanding on-line query, i.e. finding the top LA scores of (X,Y|Z)
over all possible pairs of (X,Y’) from an input of Z, as the submitted job and recorded the
elapsed time of computing in each of the aforementioned test datasets. In addition, the
elapsed time also involved the data transportation between the main memory and the global
memory. In Table 1.3, the time listed under Tesla M2050 and Tesla M2090 is the elapsed
time for GPU kernel function. For fair comparison, the column under CPU, only recorded
the time on computing LA scores. We found that GALA outperformed CPU version and
the improvement generally ranged from 40-fold to 190-fold. Moreover, the result shows that
our implementation takes full advantage of GPU card upgrade. Compared to Tesla M2050,
Tesla M2090 has 64 more computational cores and 17% higher memory bandwidth. Our
implementation had better performance on Tesla M2090 than that on Tesla M2050 with

a 17% speedup in average. In Figure 1.2, the strong linear relationship was also observed
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Figure 1.2: Complexity versus Elapsed Time. The x-axis is the log(Complexity) and y-axis
is the log(Elapsed Time) in log scale.

between elapsed time and complexity. The relationship signals that GALA have the same

performance regardless of the complexity of data.

1.4.2 LA Package in R

For encouraging the routine use of LA analysis, we also developed 1a package in R to calculate
LA scores and draw LA plots for further inspection of correlation patterns. We may select
one triplet from the outcomes of GALA, and employs la to exam the relationship among
three variables. The package contains la function and a dataset for the demonstration of
LA. drawla has the following arguments:

drawla(x, y, z, ename, xyzLabels, switch =2, ...)

Three vectors X, Y, and Z are taken as input variables, and the order is also arranged as
LA(X,Y|Z). We can change the order of three vectors to observe the changes of LA plots
such as LA(Y,Z|X) or LA(X,Z|Y"). Detail description regarding arguments is listed at

http://mib.stat.sinica.edu.tw/MIB/downloads.php. drawla aids the visualization of
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correlation between X and Y given different status of Z, where Z are split into three status
(low, median, high). Cut points used to split Z were optimized by Algorithm 2, which

maximizes log-likelihood function I(u,o%; X*, Y*)

cuty cuto—1 n
RSS =Y (V7 —do—aX{)+ > (Y7 =6+ > (7 —+-4X)" (11
=1 i=cut1+1 i=cuta
cuty
Z(}/;* - 020 - dXz*)Q = Var(}/lfcutl)(]' - COTT(}/lfcuthik:cutl)) (12)
i=1
cuto—1 cuto—1
S =Bt = S O~ Vansan)? (1.3)
i=cut1+1 i=cut1+1
Z (Y;* - VO - ;sz*)z = Var(}/;ZtQ:n>(1 - COTT(}/’CZtQ:TH X:utgzn)) (14)
i=cuta

,where (X*,Y™*) denotes (X,Y") sorted by Z.

Algorithm 2: Finding cut points of LA
findCutsOfLA (XY, 7)
inputs: X,Y, Z ¢ Rixm
output: cut,, cut, € R*1
Sort {X,Y,Z} by Z
foreach Try cut; € {1, cuty} do
b <= cov(Yicutss Xueut) /0%, o0,
a < Yl:cutl - le:cut1§
RSSl — (}/l:cutl —a— le:cut1)2;
foreach cuty € {cut; + 1,n} do
RSSQ A (Y’cutlJrlzcutgfl — }/—Cut1+ltcut2*1)2;
C < COUO/cutg:m Xcutgzn>/0-§(cut2m;
d chut;n - chth:n;
RSSS A (chth:n —C— chutg:n)2;
RSS < RSS; + RSSy + RS S5;
l + —Zlog(2mrRSS) + $(m — 1);
If Maz(l) return cuty, cuts;




1.5 Conclusion

In this chapter, we demonstrate a hybrid CPU/GPU program to obtain LA scores. The input
data were arranged in a certain order for the efficient access from GPUs, and the configuration
took advantage of multiple cores of GPUs to speed up the LA scores computation. We
recorded the elapsed time in testing seven real datasets and compared GALA with the
original LA program. GALA was much faster at execution speed regardless of the complexity
of data. The use of the companion R code for visualizing the dynamic change of association
between variable is illustrated. Our package can be widely applied in analyzing complex

data from various scientific areas.
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CHAPTER 2

Computation Structure for Liquid Association Website

2.1 Abstract

To facilitate the online analysis of gene expression data, a primitive website, LAP, was created
[Yua03] long ago. As the scale of data and demands of a variety of analysis strategies
are growing rapidly, newer versions of LA website with better back-end configuration are
developed by the team. Our lab, Mathematics in Biology (MIB) at Institute of Statistical
Science, Academia Sinica. This section introduces the essential components of the version

LAP3, focusing on my contribution to back-end program and hardware configuration.

2.2 Introduction

LAP was originally developed by for facilitating the use of Liquid Association on gene ex-
pression data. However, due to the large scale of data and demands in applying various
analysis strategies to LA outcomes, a new website design is required. The next generation of
LAP website, LAP3, aims to provide various functions to improve the user experience. It is
a collaborative project. This section introduces an overview of the system, and focusing on
my contributions in the design of the core LA computation. The LAP website configuration
is composed of three main components, Database, User Interface, and Computation. Each
component contains multiple programming objects that provide functions and communicate

acCross components.

Starting from the users’ end, the operation flow of LAP3 follows the original design of

the LAP. Users first select datasets of interest and then do the keyword search for inputs of
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X, Y, and Z. (Figure 2.1). Except for X, the input boxes of Y and Z can be blank, which
indicates that all of the genes from the selected databases are input genes. To find LA pairs,
give scouting-genes to input box of X and leave Y and Z empty. To find LA scouting-genes,
give gene pairs to input boxes of X and Y. In consist with the original paper [Li02], we will
use Z to denote scouting-gene, and (X, Y) to denote LA pair for the rest of the sections.

The location of the LAP is http://mib.stat.sinica.edu.tw/LAP/.

@ Institute of Statistical Science Academia Sinica

[ 1B  LAP

mathematics In Biology Lob guani's LAP Database Knowledge Base Tools Comment

Home >> Database >> human Hi, guani! logout

Search Genes in Database human

Q Q Q
© Contain the keyword () Match the whole keyword () Complete match @ Contain the keyword ) Match the whole keyword () Complete match @ Contain the keyword () Match the whole keyword () Complete match
Search
Table Selection
Hide Table Selection Discard Table Selection

Show checked tables only

@ Table Name First Author Year Journal Sample Size Probes # Linkages Filters

tcga_normal TCGA 59 20500 E8e D Filter Settings Mean Filier [ 1|  %| | AND 4| SD Filter (]| %|
tega tumor TCGA 515 20500 Ee B Filter Settings MeanFilter 0| %) [ AND ¢| sDFiter O] %
tcga2016 luad mirna TCGA 513 1881 = )¢ ) Filter Settings
tcga2016 luad rnaseq TCGA 515 57303 E8e " Filter Settings
tcga luad_expr TCGA 32 17814 Eéc ) Filter Settings
tcoa luad mirseq TCGA 450 1046 E8e " Filter Settings
toga luad_maseq TCGA 137 20532 [E[:Xc] ) Filter Settings
ccle rna Barretina 1 2012 e 917 54675 Heocl ) Filter Settings

Encyclopedia (CCLE)

Figure 2.1: The portal of LAP3. Users are allowed to select multiple datasets for obtaining
LA scores. We precomputed descriptive statistics so that users can select the subsets of
selected datasets by applying their means or standard deviations as filters.

LAP3 has made major changes in the design of relational database schema. To store the
descriptions of collected data and integrate with User Interface, we organize the informa-
tion under data_name as five relational data tables: data_name INFO, data_name DESC,
data name EXP, data name INDEX, and data_name DATA. The purpose of data_name DESC
is to keep the information such as authors, data source, number of rows, etc. data_name IN-
DEX stores descriptive statistics. The rest of the data tables play the same function as the

original version in [Yua03].

The computation component of LAP3 is also redesigned. Since this task was crosses the
front-end design and the back-end design, I first present a sketch of the website configuration

of LAP3, and then specify the communication mechanism across different component of the
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system. Finally, I focus on how we utilize and summarize precomputed LA results.

2.3 Configuration of LAP3

The entire system is composed of several servers as shown in Figure 2.2. We set up two
web servers with one equipped with Apache mod_proxy_balancer to automatically assign
web sessions to end users. Fach web server directly connects to one standalone database
for faster data access. As for computation, we set up a computer cluster and a head node,
Job Coordinator, installed with Oracle Grid Engine to distribute computation tasks.
That is, Job Coordinator plays a role to transform requests from web servers to executable
commands for the computer cluster. Therefore, we made Job Coordinator run an internal
HTTP server with developed computer programs to communicate with Web Server A and
Web Server B. When Web Server A or Web Server B receives computation requests, a series
of programming objects in PHP at Job Coordinator was called to process the communication

across database, computer cluster, and web servers.

2.3.1 Communication Mechanism of Front-End and Back-End

We adopt Object-Oriented Programming (OOP) to develop all of the communication func-
tions from the presentation layer to all data processing units—including database access and
computation. Unlike the original version of LAP, the users are allowed to select multiple
gene expression data at the same time with the same inputs of X, Y and Z to compute LA
scores and Pearson correlation coefficients. To achieve this aim, we created a series of objects

in PHP working with JavaScript.

One of primary objects (package) is created to carry a set of input instructions with the
functions that translate user requests to executable commands for the computer programs
at the back-end. If one submits a request with multiple gene expression data, the system
will create an array of package, and pack them into a carrier, the object in charge of com-
munication between a web server and Job Coordinator. Figure 2.3 presents the hierarchy

relationship of carrier and package. Upon receiving packages from the front-end, the Job
13
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Figure 2.2: The structure of LAP3. The dashed lines are the communication signals. The
solid lines indicate data transmission.

Coordinator forwarded them to the back-end servers. After computing, a corresponding ob-
jects are generated for shipping the output back to the front-end. For instance, gene symbols
are now the outputs of gene object. LA scores and plots are generated by LA that inherited
from a general computation object we developed. In short, the design of package contains

computation objects and data objects, and provide the related functions.

2.3.2 Computation of LAP3

To coordinate various objects at web servers, we run an internal HTTP server at Job Coor-

dinator with developed PHP objects and SHELL scripts. For example, for activating GALA
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ackage 1
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Figure 2.3: Communication Objects of LAP3.

computing, Job Coordinator can automatically generate preference files as specified in Table
1.1 and executable commands for performing the computation. As soon as the preference
files are ready, Job Coordinator will submit the computation task to the computer cluster.
During the computation, GALA generates a log file for tracking purpose. Once the output
is ready, Job Coordinator will pass it to PHP objects at the web servers. Here each com-
putational outcome is also organized as an object in PHP so that the UI components could

easily access and display output in a systematical way.

2.4 Precomputed LA Scores

Due to GALA, we successfully reduce the elapsed time of LA computation and improve
the user experience of the LAP website. Unlike the previous version, LAP3 can compute
all possible combinations of gene-pairs for a dataset by giving a scouting gene. However,
due to the rapidly growing data scale, to accelerate the response, we keep precomputed
LA scores in a database. Moreover, to provide an overall picture of the precomputed LA
scores, we propose two ways, dependent on the LA analysis strategies [Li02], to summarize

precomputed LA scores.

Given a gene expression dataset, we iteratively take each gene profile as the scouting
gene to compute LA scores with all possible pair combinations, and then keep 1,000 LA

pairs with top/bottom LA scores in two separate files as shown in Figure 1.1 from Chapter 1
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GPU Accelerated Liquid Association. We transform the two separate files into the format of
MySQL, data__name__top and data__name__bot, where each data table has the number of gene
profiles times 1,000 rows, and each row is composed of four columns (X,Y, Z, LA_Score).
Through these precomputed results, LAP3 can accelerate the response when only a scouting

gene 1s given.

2.4.1 Summary of Precomputed LA Triplets

We proposed master genes and master gene-pairs to summarize the precomputed LA
scores. Here the master genes are the high-frequency scouting genes in the set of triplets
with highest/lowest LA scores, such as 100,000 LA triplets with highest LA scores in
data__name__top. The master gene-pairs are the high-frequency LA pairs in the set of triplets

with highest /lowest LA scores. The developed website can be found at http://ws.stat.sinica.edu.tw/lax.

To demonstrate the functions, we downloaded and organized the gene expression data
of lung adenocarcinoma (LUAD) with 20,531 gene profiles by 513 tumor samples, and the
expression data of lung squamous cell carcinoma (LUSC) including 20,531 gene profiles by
501 tumor samples from GDC Data Portal (https://portal.gdc.cancer.gov). Through GALA,
we generated two outputs, tcga__rnaq luad _t top and tcga_luad_rnaq t_bot for the data
of LUAD, and tcga_rnaq lusc t top and tcga_lusc_rnaq t bot for the data of LUSC.
Figure 2.4 shows the list of master genes ordered by the frequencies. One can also select the

interesting genes to retrieve the corresponding LA pairs as a screenshot shown in Figure 2.5.

We collected 100 master genes from 100,000 triples with highest LA scores through
tega__rnaq lusc_t top and tcga_rnaq luad_t top respectively, and then found genes that
both the lists of master genes have in common. As a result, 39 genes are found overlapping
across both outcomes. Figure 2.6 and Figure 2.7 are Pearson correlation matrices of 39 genes
with gene expression data of LUAD and LUSC. Interestingly, both correlation matrices show
a similar pattern. Taking Figure 2.6 as an example, two groups of genes (top right and bot-
tom left) have no linear relationship to each other. The group of genes at the top right of

Figure 2.6 shows positive correlations within the group, but the group of 17 genes at the
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HOME LA Precomputed Result Summary

In the dataset: tcga_maq_luad t1op [
LA SUMMARY .

Description: TCGA RNA-Seq Data of Lung Adenocarcinoma
# of samples: 513

Master Genes # of genes: 20531
b search top 100,000 [ of the precomputed LA triplets and keep top 100 [EJ high frequency scouting genes (master genes) | submit
Show 100 [ entries Search:
ABOUT
DAl DBID LA Freg. v I Symbol Chr. Mean Rank

CONTACT 0 16173 11318 6583 SLC22A4 5 68276 13513
0 17103 8807 221409 SPATSL 6 4299 17098
[} 15472 5122 6294 SAFB 19 1640381 2738
0 8272 4433 160492 IFLTDL 12 2881 17464
0 7985 2900 4670 HNRNPM 19 3753.458 925
0 3109 2731 159686 ccpeidr 10 22207 15327
0 8842 215 283518 KCNRG 13 25.098 15145
0 2663 2063 80129 Coorf97 6 174117 11565
] 7989 1881 221092 HNRNPUL2 1 2878.332 1333
0 1398 1830 23215 BAT2L2 1 5048375 615
0 2156 1748 80133 Clorf129 1 667 16692
0 17095 1683 132851 SPATA4 4 7045 16629
0 6486 1398 400710 FLI26850 19 3285 17343
0 8198 1398 10075 HUWEL X 615321 470
] 15471 1370 9667 SAFB2 19 1222372 3903
0 1770 1363 152110 NEKI0 3 24953 15156
0 7987 1355 3192 HNRNPU 1 10407991 212
0 15722 1345 51714 SELT 3 2408.897 1707
0 16955 1339 132203 SNTN 3 13748 12113

Figure 2.4: A screenshot of the list of master genes. This list is generated by utilizing
tega__rnaq luad_t_top.

SLC22A4(17226) POU2FI(3791)  SAFB(50979) RTKN2(30090) HNRNPM(51131)  ZNF410(40558) HCFCI(59753) TILK(31808) PDCDI0(12117)  COPS4(13951)  UPK3B(22771)
HUWEI(58239) INOSOD(8816)  GUKI(4910) UGGTI(7668) ZMYMGNB(1135)  ACO043864(58553)  AVPII(30788) TRIMS6(23192) PRRC2C(3888)  SELT(11884)  CRBN(9576)

SQRDL(42381)  SNTN(10681)  ZOCHC17(1021)

Z: POU2F]
Show 25 [ entries Search: 0'469
X Y Cor. v LA ¢ Low POUZF1
€ Median POU2F1
GPX1 PERM]1 0354972 0418814 + High POU2F1
-=- Linear (Low POU2F1)
GPX1 MICALL2 0277551 0.384461 S -~ Linear (High POU2F1 )
T
ZMYMGNB AGRN 0.143500 0460796
SNRNP40 KDM4A 0.110613 0.488935 <
% o . 13418 (147 points )
SRE 3655 (221 points)
RBBP4 RERE 0.106852 0.478211 5 sty R C g
SELK AC000123.3 0016377 0455436 -
GPX1 UPE3AP3 0005414 0459556 2
S
SEP UBE2N -0.050548 0510989
SELK RP11-401.2 -0.085853 0.442609 ?
SNRNP40 UBR4 -0.095332 0598029 3 2 1 0 1 2 3
PEFI PPPIR9B 0.128716 0387858 Low  SNRNP40  High
SELK AC000123.4 -0.176463 0477171
[Variable Symbol __[Chr. [BioType ___[Status |
TRMTI0C DGCRE 0213006 0436432 X ENSGO00000060688.11 SNRNP40 chrl protein_coding  protein coding  KNOWN
PCNP RP11-3671112 0221331 0.406848 Y ENSG00000066135.11 KDM4A chrl protein_coding  protein_coding ~ KNOWN
A ENSGO00000143190.20 POU2F1 chrl protein_coding protein_coding KNOWN
NDUFB4 ZC3H4 0230510 0502446
L Medi
PCNP UBN2 0237706 0.555478 = i | .

Figure 2.5: A screenshot of displaying LA pairs by selecting a master gene. The left column
is the LA plot of LA(SNRN P40, KDM4A|POU2F1).
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bottom left of Figure 2.6 reveals a group of 5 genes and a group of 12 genes.
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Figure 2.6: Pearson correlation matrix for the thirty-nine genes of LUSC.

Since the group of 17 genes at the bottom left of Figure 2.6 shows an interesting pattern,
we further examined the pathway where these 17 genes link to via https://david.nciferf.gov/-
summary.jsp. Table 2.1 presents 17 genes and their gene names. We found four genes linking
to the spliceosome pathway (Figure 2.8), which consists of five small nuclear ribonucleopro-

teins and other factors to proceed with RNA splicing.
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Figure 2.7: Pearson correlation matrix for the thirty-nine genes of LUAD.
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Table 2.1: List of 17 Genes

Gene Symbol Gene Name

NSL1 NSL1, MIS12 kinetochore complex component
SFRS3 serine and arginine rich splicing factor 3
GPN3 GPN-loop GTPase 3

ZCCHC17 zinc finger CCHC-type containing 17

ZNF410 zinc finger protein 410

ACIN1 apoptotic chromatin condensation inducer 1
CHD4 chromodomain helicase DNA binding protein 4
DDX42 DEAD-box helicase 42

HCFC1 host cell factor C1

HNRNPM heterogeneous nuclear ribonucleoprotein M
HNRNPUL2  heterogeneous nuclear ribonucleoprotein U like 2

HUWE1 HECT, UBA and WWE domain containing 1, E3 ubiquitin protein ligase
LARP1 La ribonucleoprotein domain family member 1

SAFB2 scaffold attachment factor B2

SAFB scaffold attachment factor B

TARDBP TAR DNA binding protein
ZC3H4 zinc finger CCCH-type containing 4

As there increasingly attention to the spliceosome pathway in cancer research, we further
examine if there is a liquid association of the four finding genes. As a result, we found an LA
pattern with HNRNPM, SRSF3, and ACIN1 by using the gene expression data of LUAD
and LUSC. Both LA plots (Figure 2.9 and Figure 2.10) show that HNRNPM and SRSF3
have a negative correlation for the samples with the lower expression level of ACIN1 and a

positive correlation for the samples with the higher expression level of ACINT.

In addition, we can show the LA interaction network of master genes by a graph, Figure
2.11. Each square contains the LA score for the three linked genes (circles). The size of the
20
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Figure 2.8: The spliceosome pathway with four genes found in the precomputed LA summary.
The pathway information generated by KEGG.

circle indicates the degree of the node. Here only the genes with degrees more than one will
be displayed. To conduct enrichment analysis, we provide a function for users to download

a list of the selected genes, and then employ http://geneontology.org or other similar tools

with the list.

Our goal of this example is to showcase that one can use the master genes to discover
interesting LA pattern via our developed website without the inputs of the scouting genes
or gene pairs. The further analysis and study of the biological mechanism reflecting our
observation will be one of our ongoing projects. In addition, It is interesting to examine high
frequency LA pairs, master pairs, in the set of triplets with highest/lowest LA scores. Figure
2.12 gives an example. One can click the numbers in Freq. to display the corresponding
scouting genes as shown in Figure 2.13. The same functions as equipped for the list of master

genes are also available here.
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Figure 2.10: LA(HNRNPM, SRSF3|ACIN1) with LUSC.
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Figure 2.11: An example of LA interaction network. Each color-encoded square contains LA
score for three linked genes (circles). The size of the circle indicates the degree of the node.
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HOME LA High Frequent Pairs Summary

In the dataset: tcga luad_expr_swap bot [

LEISUMMARY searchtop 10,000 [ of the precomputed results and keep top 25 [ high frequent scouting genes  submit
Master Genes Show 25 [ entries Search:
Py Al SymbolX Chr(X) MEAN(X) RANK(X) SymbolY Chr(Y) MEAN(Y) RANK(Y) Cor. Freq.
KANSL2 chri2 206983.781 5349 POUZFL chrl 50089.015 11994 -0.198637 9
ABOUT POU2FL chrl 50089.015 11994 KANSL2 chrl2 206983.781 5349 -0.198637 o1
SELT chr3 652566.906 1654 HUWEL chrX 406728791 2785 0264349 8
HUWEL chrX 406728791 2785 SELT chr3 652566906 1654 0264349 8
SELT chr3 652566.906 1654 RPS3A chrd 4582445068 191 0396722 74
RPS3A chrd 4582445068 191 SELT chr3 652566906 1654 0396722 24
chrl9 798038 474 1335 VAMPS chr2 4986867912 170 -0.478061 73
chr2 4986867.912 170 HNRNPM chrl9 798038474 1335 -0478061 /)
chrl2 1767005957 548 SAFB chr19 289776845 3939 -0.284896 70
chrl9 289776.845 3939 PFDNS chrl2 1767005.957 548 -0.284896 70
GOLGBI chr3 282389888 4051 SELT chr3 652566906 1654 -0.107346 66
SELT chr3 652566.906 1654 GOLGBI chr3 282389.888 4051 -0.107346 66
HNRNPUL2 chrll 305006.716 31712 KANSL2 chri2 206983.781 5349 -0.290944 65
MRPL49. chrli 610499.517 1784 INRNPU chrl 125521639 800 -0.246505 65

Figure 2.12: A screen shot of master pairs.

Show 10 [ entries Search:
9 All DBID D Symbol Chr. Type Bio Type v
, 17281 ENSG00000113558.17 SKPL chrs protein_coding protein_coding 205407
€ 31131 ENSG00000165669.12 FAM204A chrl0 protein_coding protein_coding 05414
G 45985 ENSG00000034713.6 GABARAPL2 chrl6 protein_coding protein_coding 05420
€ 40144 ENSG00000100528.10 CNIHL chrl4 protein_coding protein_coding 05433
€ 59136 ENSGO0000198918.7 RPL39 chrX protein_coding protein_coding 05437
€ 32031 ENSG00000110696.8 Cliorfs8 chrll protein_coding protein_coding 05443
€ 9084 ENSG00000115661.12 STK16 chr2 protein_coding protein_coding 05455
€ 46632 ENSGO0000108590.9 MED31 chrl7 protein_coding protein_coding
€ 33172 ENSG00000149792.7 MRPLAY chrll protein_coding protein_coding
G 22000 ENSG00000010270.12 STARD3NL chr7 protein_coding protein_coding
Showing 1 to 10 of 34 entries Previous | 1 | 2 3 4  Next
PlotLANet  Correlatin  Download Selected Genes

Figure 2.13: A list of scouting genes. After clicking Freq., this page shows a list of scouting
genes.
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2.5 Conclusion

LAP3 aims to facilitate the use of Liquid Association. LAP3 not only provide LA computa-
tion and visualization but also statistical toolkits for further analysis of LA scores, such as
correlation analysis, hierarchical clustering, the goodness of fit test, etc. Additionally, many
functions to manage users’ analysis are also developed. This chapter reveals the main struc-
ture of LAP3 and describes how LAP3 works. We developed two methods to summarize the
precomputed results of LA and showcased an application of utilizing LA summary to search
interesting LA patterns. This project aims to help biologists exploit Liquid Association with
massive gene expression data. We have finished the precomputed LA scores for couple of

gene expression data and expect to complete more in the future.
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Appendix A

Outputs for Gene Expression Data of LUAD and
LUSC

A.1 Pearson correlation matrices for 17 genes
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Figure A.1: Pearson correlation matrix for the seventeen genes of LUSC.
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Figure A.2: Pearson correlation matrix for the seventeen genes of LUAD.
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CHAPTER 3

Liquid Association on Health-Related Analysis

3.1 Abstract

Liquid Association has been successfully applied to many gene expression studies. In this
chapter we extend the application of LA to data from the studying of the public health
related data. Concerning the unclear relationships between general public health expendi-
tures and its outcomes, we utilize LA to analyze the cross-nation association of public health
expenditures and efficiency with the downloaded data of the Global Health Observatory
(GHO). We set the public health expenditures as a given LA-scouting variable (Z) to search
LA pairs (X,Y) from female-related /male-related health outcome indicators. Due to the
fact that noncommunicable diseases (NCDs) account for over 60% of all deaths worldwide,
we set the search domain of X to cover mortality rates by 130 types of NCDs, as well the
mortality rate by combing all of NCDs. Meanwhile, the search domain of Y is all of female-
related /male-related health outcome indicators. As a result, the liquid association patterns
were found relating to general pubic health expenditures. The discovered associations not
only agree with the former studies, but also reveal some previously unknown associations of

health related indicators.

3.2 Introduction

Liquid Association was inspired by the biological process and has been successfully applied
to many biological studies. Yet there is no applications of LA to other fields for LA pattern

is existing across domains. In this chapter, we shift our focus from biology to other data
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intensive field.

Previous studies reported that the exact nature of relationships between public health
expenditures and health outcomes remains unclear [CEM13, FFP15]. Public health expen-
ditures also vary widely across different nations. Its cost/efficiency does not appear robust
association with economic development [DCC17]. That is, cost/efficiency evaluation between
different health care systems in different nations is a complicate issue requiring deep analysis

from many perspectives and by different models [EDN95, K113, FFP15].

In this study, we concern the cross-nation comparison of public health expenditure and
efficiency using the GHO data released by [Worl7]. The GHO is the gateway of World Health
Organization (WHO) providing health-related statistics in its 194 Member States. There are
up to a thousand health outcome indicators including overall health status indicators, the
indicators for the specific health and health-related targets of the Sustainable Development
Goals.

3.3 Research Method

We downloaded the Year 2012 data from the GHO and preprocessed it in the format that
can be directly used by LAP website. To explore if public health expenditure leads different
impacts by genders, we organize all of health outcome indicators into three subsets: 306
female-related indicators, 306 male-related indicators and 379 gender-irrelevant indicators.
Every indicator keeps the data from 194 member states. The LA-based analysis we conduct
is to find LA pairs (X,Y) in the male/female-related indicators by given the LA-scouting
variable GGE (Z), General Government Expenditure on health as a percentage of total gov-
ernment expenditure in the gender-irrelevant indicators. Since NCDs account for over 60% of
all deaths worldwide, we restrict the search domain of X to the mortality rates of 130 types
of NCDs, and the mortality rate of all of NCDs combined. Meanwhile, the search domain
of Y is restricted to all of female-related /male-related indicators. Here, due to the fact that
NCDs are different by genders, the search domains of X and Y are both confined to the

same gender related indicators. Figure 3.1 shows the LA-based analysis we conduct.
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and the mortality rate of overall NCDs Female-/Male-related indicators

Figure 3.1: LA-based analysis to find LA pairs by given a LA-scouting variable (7). The
search domains of X and Y are both confined to the same gender related indicators, where X
is restricted to mortality rates by 130 NCDs and the mortality rate of all of NCDs combined.

3.4 LA-based Analysis Results

We present analysis results by genders, and list the triplets with the highest LA scores in
positive and negative. Not only do our findings agree with the former studies, but also reveal

previously unknown associations related to GGE.

3.4.1 Finding LA Pairs (X, Y) among Female-Related Indicators

Two leading triplets with the highest positive LA score and the lowest negative LA score are
listed in Table 3.1. We found that the correlation between FD75' and FMNCD is shown to
change from negative for nations with lower GGE to positive for nations with higher GGE
(Figure 3.2). Further investigation on how FMNCD correlates with female mortality rate

for other age intervals, showed an interesting dynamic pattern of LA (Figure 3.3).

'Number of people dying between the beginning of the age group = and the beginning of the next age
group z + n, n being the interval of the age group, given the hypothetical birth 10 = 100,000 [Worl7].
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Table 3.1: LA triplets with the highest LA scores in positive and negative (Female-related
indicators for X and Y)

TOP BOT
Z GGE
Female mortality rate by
all of NCDs (FMNCD)
Number of people (female) dying

Mortality rate by Alzheimer’s disease (FMAZ)

Y Mortality rate by Cervix uteri cancer (FMCC
between ages 75 and 79 (FD75) Y Y ( )
LA | 0.336 -0.352
0.336
h Low GGE
. Median GGE
. : +  High GGE
~ 4 ® : ~~  Linear (Low GGE )
o °, : ——  Linear (High GGE )
*
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.-E’ . 0..“' 2 ,///
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\\\‘0\\\.\".‘?“.‘ ..////
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8 ® e .:':‘7;[ e o o r=-03157 (66 points)
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Figure 3.2: LA plot for (FD75, FMNCD, GGE). The correlation between FD75 and FMNCD

is shown to change from negative to positive between low GGE nations and high GGE
nations.

The dynamic pattern of LA suggests that FD75 is a health outcome indicator that reflects
different efficiency between countries with higher GGE and lower GGE. Giving a deeper
examination of Appendix B.1. We also found that 40% of nations with higher GGE are
high-income countries and only 13% are low-income countries. On the other hand, 31%
of nations with lower GGE are low-income countries and 16% are high-income countries.
Meanwhile, the similar proportion regarding regions can be found between Europe and Africa
in Appendix B.1. Finally, with independent tests GGE is significantly related to income-level

and regions of countries.
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Figure 3.3: The changes of LA scores, where X axis is number of females dying between ages
(x, x + 5),and Y axis is, FMNCD

The other leading LA triplet in the negative LA scores is FMAD and FMCC in Table
3.1 and its LA plot is shown in Figure 3.4. The past studies have reported that there are
bidirectional inverse associations between cancer and Alzhiemer’s disease [RBX05, RFX10,
MADI13, OLH13, DBA12, AKU13, STL15], yet some other studies hold different opinions
against it [RCA12, FWC16]. In Figure 3.4, for higher GGE, we found that the negative
correlation between FMAD and FMCC that agrees with the former studies which suggested
the existence of the inverse associations between Alzhiemer’s disease and cancers. The
similar pattern can also be found in different types of cancers, though their LA scores are
slightly smaller than the leading triplet. However, the slightly higher positive correlation for
nations with lower GGE in Figure 3.4—1/3 of blue dots are upper-middle- and upper-income

countries—reveals an interesting association for cervix cancer is the second most common

32



cancer in women living in less developed regions, and Alzhiemer’s disease is one of leading

causes of death in high-income economies [Worl7].
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Figure 3.4: LA plot for (FMCC, FMAZ, GGE). The correlation between FMCC and FMAZ
is shown to change from negative to positive between low GGE nations and high GGE
nations.

3.4.2 Finding LA Pairs (X, Y) among Male-Related Indicators

The top leading triplet in Table 3.2 shows a high positive correlation (0.7021) between MRTA
and MMA for the states with higher GGE, of which most are high-income countries in Europe
(Figure 3.5). The study [Lut16] concludes that the high traffic accident rate deteriorated the
air quality in the UK. Through this evidence of the link between MRTA and air pollution
of road-traffic, our result agrees with the past studies [FMD04, MF17] that shows the high

correlation between the air pollution of road-traffic and the mortality rate of Asthma.

The leading triplet of negative LA scores shows that a positive correlation between
MMPD and MMD for countries with lower GGE. The past studies [FVL15, PAC16, AYR16]
have reported that the gastrointestinal tract is affected in PD patients, where the digestive
system is made up of the gastrointestinal tract. However, the studies were all mostly based

on the data collected in the US, one of countries with high GGE, the evidence is not suffi-
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Table 3.2: Triplets with the highest LA score and lowest LA score (Male-related indicators
for X and Y).

TOP BOT
Z GGE
Male mortality rate by Male mortality rate by
road traffic accidents (MRTA) | digestive diseases (MMD)
v Male mortality rate by Male mortality rate by
Asthma (MMA) Parkinson’s disease (MMPD)
LA | 0.298 -0.366
0.298
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Figure 3.5: LA plot for (MMA, MRTA, GGE). The correlation between MMA and MRTA is
shown to change from negative to positive between low GGE nations and high GGE nations

cient to support our finding, and the association we observed calls for further across-nation

studies.

Finally, since the pattern of correlation changes between FMNCD and FD75 are observed
in Figure 3.2, the similar pattern can also be found for the triplet, X = Age-standardized
(male) mortality rate by all causes (MMNCD), Y =Number of people (males) dying between
ages 70 and 75 (MDT75), and Z = GGE as shown in Figure 3.7. The similar dynamic pattern
as Figure 3.3 is shown in Figure 3.8. This shift from 75-79 to 70-75 reflects the fact that the

life span of male is in general shorter than female.
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Figure 3.6: LA plot for (MMPD, MMD, GGE). The correlation between MMPD and MMD is
shown to change from negative to positive between low GGE nations and high GGE nations
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Figure 3.7: LA plot for (MD70, MMR, GGE). The correlation between MD70 and MMR is
shown to change from negative to positive between low GGE nations and high GGE nations
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Figure 3.8: The changes of LA scores, where X axis is number of males dying between ages
(x, x + b),and Y axis is MMNCD
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3.5 Conclusion

The LA-based analysis reveals that public health expenditure is related to correlation changes
between health-related indicators. The correlation-change between the mortality rate by
overall NCDs and female/male populations dying at distinctive age-intervals reflects that
GGE might affect female and male differently. Although most our results show public health
expenditures are significantly related to income levels and regions of countries, some low
income countries with higher GGE are found to have the same association fashion as the

developed countries.

Unlike most past studies, Liquid Association offers a higher dimension of view on the
associations of variables, so that not only did our results agree with the past studies, but
also discover previously unknown associations among health-related indicators. Above all,

this application showcases how to apply LA-based analysis to other data intensive field.
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Appendix B

Outputs for GHO example

B.1 Countries

Table B.1: Countries of LA plot for (FD75, FMNCD, GGE)

Myanmar
Timor-Leste
Chad
Eritrea
Azerbaijan
Yemen
South Sudan
Iraq
Pakistan
Georgia
Qatar
Oman

Haiti

Venezuela (Bolivarian Republic of)

Kuwait
Angola

Syrian Arab Republic

Low-income
Lower-middle-income
Low-income
Low-income
Lower-middle-income
Low-income

NA
Lower-middle-income
Lower-middle-income
Lower-middle-income
High-income
High-income
Low-income
Upper-middle-income
High-income
Lower-middle-income

Lower-middle-income

38

South-East Asia
South-East Asia
Africa

Africa

Europe

Eastern Mediterranean
NA

Eastern Mediterranean
Eastern Mediterranean
Europe

Eastern Mediterranean
Eastern Mediterranean
Americas

Americas

Eastern Mediterranean
Africa

Eastern Mediterranean




Table B.1 continued from previous page

Saudi Arabia
Malaysia
Egypt

Kenya
Morocco

Brunei Darussalam

Lao People’s Democratic Republic

Sri Lanka
Congo
Lebanon
Nigeria
Cambodia

Guinea

Tajikistan

Cyprus

Libya

Indonesia

Bhutan
Equatorial Guinea
Ecuador
Afghanistan
Gabon

Trinidad and Tobago
Brazil

Bangladesh

Guinea-Bissau

High-income
Upper-middle-income
Lower-middle-income
Low-income
Lower-middle-income
High-income
Low-income
Lower-middle-income
Lower-middle-income
Upper-middle-income
Lower-middle-income
Low-income
Low-income
Low-income
High-income
Upper-middle-income
Lower-middle-income
Lower-middle-income
High-income
Lower-middle-income
Low-income
Upper-middle-income
High-income
Upper-middle-income
Low-income

Low-income

Eastern Mediterranean
Western Pacific
Eastern Mediterranean
Africa

Eastern Mediterranean
Western Pacific
Western Pacific
South-East Asia
Africa

Eastern Mediterranean
Africa

Western Pacific

Africa

Europe

Europe

Eastern Mediterranean
South-East Asia
South-East Asia
Africa

Americas

Eastern Mediterranean
Africa

Americas

Americas

South-East Asia
Africa




Table B.1 continued from previous page

Armenia
Cote d’'Ivoire
Botswana
Cameroon
Turkmenistan
Mozambique
Cabo Verde
Latvia

Fiji

Mongolia
Maldives
United Arab Emirates
India

Bolivia (Plurinational State of)

Viet Nam
Senegal
Bahrain
Ghana
Uzbekistan
Algeria
Comoros
Mauritania
Barbados
Albania
Montenegro

Mauritius

Lower-middle-income
Lower-middle-income
Upper-middle-income
Lower-middle-income
Lower-middle-income
Low-income
Lower-middle-income
Upper-middle-income
Upper-middle-income
Lower-middle-income
Lower-middle-income
High-income
Lower-middle-income
Lower-middle-income
Low-income
Low-income
High-income
Low-income
Low-income
Upper-middle-income
Low-income
Low-income
High-income
Lower-middle-income
Upper-middle-income

Upper-middle-income

Europe

Africa

Africa

Africa

Europe

Africa

Africa

Europe

Western Pacific
Western Pacific
South-East Asia
Eastern Mediterranean
South-East Asia
Americas
Western Pacific
Africa

Eastern Mediterranean
Africa

Europe

Africa

Africa

Africa

Americas
Europe

Europe

Africa




Table B.1 continued from previous page

Uganda

Hungary

Russian Federation

Benin

United Republic of Tanzania

Philippines

Low-income
High-income
Upper-middle-income
Low-income
Low-income

Lower-middle-income

Africa
Europe
Europe
Africa
Africa

Western Pacific




Table B.1 continued from previous page

Finland
Ireland
Portugal
Mali
China
Panama

Lithuania

Democratic Republic of the Congo

Madagascar

Turkey

South Africa
Guyana

Slovenia

Belarus

Tunisia

Republic of Moldova
Malta

Serbia

Luxembourg

The former Yugoslav republic

of Macedonia

Republic of Korea

High-income
High-income
High-income
Low-income
Lower-middle-income
Upper-middle-income
Upper-middle-income
Low-income
Low-income
Upper-middle-income
Upper-middle-income
Lower-middle-income
High-income
Upper-middle-income
Lower-middle-income
Lower-middle-income
High-income
Upper-middle-income

High-income

Upper-middle-income

High-income

42

Suriname Upper-middle-income | Americas
Belize Lower-middle-income | Americas
Kyrgyzstan Low-income Europe
Sierra Leone Low-income Africa

Europe

Europe

FEurope

Africa

Western Pacific
Americas
Europe

Africa

Africa

Europe

Africa
Americas
Europe

Europe

Eastern Mediterranean
Europe

Europe

Europe

Europe

Europe

Western Pacific




Table B.1 continued from previous page

Burundi

Namibia

Papua New Guinea
Djibouti

Italy

Thailand
Dominican Republic
Lesotho

Czech Republic
Slovakia

Belgium

Spain

Sweden

Croatia

Chile

Togo

Iran (Islamic Republic of)

El Salvador
Iceland
Bahamas
Mexico
France

Denmark

United Kingdom of Great Britain

and Northern Ireland

Zambia

Low-income
Upper-middle-income
Lower-middle-income
Lower-middle-income
High-income
Lower-middle-income
Upper-middle-income
Lower-middle-income
High-income
High-income
High-income
High-income
High-income
High-income
Upper-middle-income
Low-income
Lower-middle-income
Lower-middle-income
High-income
High-income
Upper-middle-income
High-income

High-income
High-income

Low-income

Africa

Africa

Western Pacific
Eastern Mediterranean
Europe
South-East Asia
Americas

Africa

Europe

Europe

Europe

Europe

Europe

Europe
Americas

Africa

Eastern Mediterranean
Americas
FEurope
Americas
Americas
Europe

Europe

Europe

Africa




Table B.1 continued from previous page

Guatemala

Bosnia and Herzegovina
Austria

Canada

Malawi

Norway

Jordan

Australia

Swaziland

Peru

Colombia

Germany

Liberia

Japan

Nicaragua

Netherlands

United States of America
Solomon Islands

New Zealand
Switzerland

Rwanda

Argentina

Uruguay

Costa Rica

Lower-middle-income
Upper-middle-income
High-income
High-income
Low-income
High-income
Lower-middle-income
High-income
Lower-middle-income
Upper-middle-income
Upper-middle-income
High-income
Low-income
High-income
Lower-middle-income
High-income
High-income
Lower-middle-income
High-income
High-income
Low-income
Upper-middle-income
Upper-middle-income

Upper-middle-income

Americas
Furope

Europe
Americas
Africa

Europe
Eastern Mediterranean
Western Pacific
Africa
Americas
Americas
Europe

Africa

Western Pacific
Americas
Europe
Americas
Western Pacific
Western Pacific
Europe

Africa
Americas
Americas

Americas




CHAPTER 4

A Folksonomy-based Approach for Profiling Human

Perception on Word Similarity

4.1 Abstract

Automatic assessment of word similarity has long been considered as one important challenge
in the development of Artificial Intelligence. People often have a big disagreement on how
similar a pair of words is. Yet most word similarity prediction methods, taking either the
knowledge-based approach or the corpus-based approach, only attempt to estimate an aver-
age score of human raters. The distribution aspect of similarity for each word-pair has been
methodologically neglected, thus limiting their downstream applications in Natural Language
Processing. Here, utilizing the category information of Wikipedia, we present a method to
model similarity between two words as a probability distribution. Our method leverages
the unique features of folksonomy. The success of our method in describing the diversity of
human perception on word similarity is evaluated against the rater dataset WordSim-353.

Our method can be extended to compare documents.

4.2 Introduction

Making machine understand human language is one of the ultimate goals in the development
of Artificial Intelligence [Chr15]. In order to reach the goal, many different Natural Language
Processing (NLP) tasks were designed. Among them, one of the fundamental upstream
task is to automatically assess similarities between words. The performance of this task

has direct impacts on many downstream NLP applications such as Question Answering,
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Information Retrieval, Topic Modeling, and Text Clustering [SG12, NAS16, WLC15], etc.
The performance of computed similarity has to be evaluated against human raters, but
human raters often display considerable disagreement in assigning similarity scores. As an
example, see Figure 4.1 for the distribution of 16 raters’ scores assigned to the pair of life and
lesson from WordSim-353 [02]. Such rating disagreements are quite common. However,
most word-similarity methodologies attempt to estimate only the “average” score of human
rating. The distribution aspect has been methodologically neglected, thus limiting their

downstream applications in NLP.

Life v.s. Lesson

2 4 6 8

Similarity Scores

Number of Raters
N

o
'

Figure 4.1: The histogram of human ratings on the comparison between [life and lesson

4.3 Rating Disagreement on Word-Similarity

WordSim-353 is composed of two datasets: WordSim-353.1, a list of 153 word-pairs rated
by 13 persons, and WordSim-353.2, a list of 200 word-pairs rated by 16 persons. We
computed the Pearson correlation coefficient and the weighted Cohen’s kappa coefficient for
the similarity scores between any two raters. The results are shown in Figure 4.2 and Figure
4.3 after we ordered raters by hierarchical clustering. Rater disagreement on word-similarity

is evident.
The important message we like to deliver is two-fold. First, the computer-imputed single
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Figure 4.2: Weighted Cohen’s kappa coefficient matrices for WordSim-353.1 and WordSim-
353.2.

similarity score has grossly simplified the human behavior. Second, using average rater
score to evaluate the performance of different word-similarity prediction algorithms is itself

a problematic evaluation approach.
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Figure 4.3: Pearson correlation matrices for WordSim-353.1 and WordSim-353.2.

4.4 Leveraging Folksonomy for Distribution Quantification of Word

Similarity

To reflect the more realistic human behaviors, we propose that in lieu of assigning a single
similarity score, a better computer task would be to assign a probability distribution to
each word-pair, (po, p1,---,Dd; - - -, Ps), Where p; denotes the probability of similarity score d,
and ¢ is the highest allowable score. To evaluate the performance of a computer algorithm,
we should employ common statistical criteria that are designed for the distribution against

distribution comparison.

4.4.1 Category Information of Wikipedia

Wikipedia organizes the categories of articles via folksonomy, which is a collaborative tagging
system allowing users to tag articles with multiple category notions [AE09]. Links between
categories do not impose any specification on relations such as is-a, is-part-of, is-an-example-
of, etc. Figure 4.4 illustrated how Wikipedia category is organized into a Directed Acyclic
Graph (DAG). It is typical to find multiple roots linking to the title of an article.

In contrast to the traditional centralized classification, folksonomy may directly reflect

the diversity of article contributors in their personal styles of vocabulary management, which
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in turn are influenced by a variety of factors including cultural, social or personal bias. At
this writing, about 70,000 editors—from expert scholars to casual readers—regularly edit

Wikipedia. (March 2, 2019 https://en.wikipedia.org/wiki/Wikipedia: About)
Recreation

Animals in entertainment

Personal life

Animals and humans

Domestication

Domesticated animals

Ethnobiology

(Subspecies of Canis lupus Agriculture by type

e
100

Figure 4.4: An example of Wikipedia category structure, where rectangle indicates a title
of an article, and ellipses are categories. The graph is drawn based on the data downloaded
from https://wiki.dbpedia.org/data-set-36.

4.4.2 Distribution Quantification of Word-Similarity

We propose a method to assign a probability distribution to a pair of words (W5, W3). First,
we find the set of conceptual paths X = {Xj,..., Xx} linking to Wi, and also find the
set of conceptual paths Y = {Y1,..., Yy} linking to W,. We delete paths in X that are
disconnected from any path in Y, and vice versa. We then compute a similarity score c;;
for each path pair (X;,Y;) to generate a matrix as shown in Table 4.1. The probability of

similarity score d, denoted by pg, is set to be the proportion of path pairs with ¢;; = d.

We propose Equation 4.1 to calculate the similarity score for (X;,Y;).

) . (Ki+K))
sim(C;,C;) =1 L+ L,
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Table 4.1: Matrix of Similarity Degrees Between Sets of Conceptual Paths

X
X X X
Y 1 2 N
Y, C11 C12 N
Y, C21 C22 CoN
Yu Cyp1 | CM2 | - CMN

As illustrated by Figure 4.5, L; is the number of nodes on the path from C; to its root node
R;, and L; is the number of nodes on the path from Cj to its root node R;. K; is the number
of nodes on the path from C; to C}, and Kj is the number of nodes on the path from C; to
Ck.

Ri

Ci

Figure 4.5: Calculating similarity between two conceptual paths via node counting.

In our implementation, we set L; and L; as constants and let L; = L; = L. There are two
reasons. First, nodes that are too far away from C;, C; are often un-informative. Second,
due to the large number of conceptual paths in X and Y, we must alleviate computational
complexity. This leads to

cj =2L— K, — K; (4.2)
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4.4.3 Implementation

Since there are over one million categories contained in Wikipedia, it would be a challenge
to collect data directly from Wikipedia. Fortunately, DBpedia has collected and organized
Wikipedia data in a way easier for us to use [ABKO07]. We downloaded two datasets, article-
categories and skos-categories; the former keeps the links between articles and categories,
and the latter stores links between categories. Since the downloaded databases are stored
in Triplestore format, subject-predicate-object, we set up Apache Jena Fuseki as an in-house

SPARQL server for access by our main program.

Figure 4.6 illustrated how we implement our method. After inputing a pair of target
words (Wy, Ws), the program will start with stemming the words, and check if they can be
found in article-categories. If not, the program will search the disambiguation database and
return a category closest to the target word. After stemming, the program sends the linked
categories as the input to Search Subcategories. This phase recursively searches superior
categories of given categories until the search reaches the maximum number of depth we
set initially. Once the search is done, the system generates a plain file in Jason format
for displaying the output as a taxonomy-like graph on the website. Through the same
procedure, the program generates the other plain file in the same format for the other target
word. Finally, we use the distribution quantification method described earlier to generate

the probability distribution (po, p1,- -, Pd, - - -, ps) for (Wi, Ws).

We developed a website to implement our method, http://ws.stat.sinica.edu.tw /wikiCat.
Given a pair of words, it provides a summary table and two taxonomy-like graphs for the
input words as shown in Figure 4.7. Every node in the graph represents a category, and it

can be clicked to show its superior categories hidden underneath.
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Figure 4.6: The flowchart of the developed main program
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Start typing a name in the input field below:
Life Lesson Submit

Suggestions: no suggestion

# of possible combinations from non-similarity: 150738
# of possible pairs from similarity set:25360

LCS Number of Paths Proportions
1 0 0
2 834 0.033
3 1695 0.067
4 3096 0.122
5 5632 0222
6 7710 0.304
7 4643 0.183
8 1750 0.069
9 0 0
10 0 0
100
100
Life Lesson
(. 3:38 possible paths in Life) ( 5:21 possible paths in Lesson)

Biology_terminology Teaching

Biological_systems Learning

Biology Memory

Life Cognition
Fundamental_categories : Behavior
Main_topic_classifications - Education

Nature

Figure 4.7: A screen shot of the developed website.
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4.5 Experiment

We use WordSim-353 to evaluate the performance of our method. We set L = 5 in or-
der to be consistent with the scale used in WordSim-353 (from 0 to 10), so that our pro-
gram will yield a probability distribution (pg, p1, ..., p10) for each word-pair(W;, Ws). To see
how our probability distribution agrees with the score distribution of WordSim-353 raters,
Kolmogorov-Smirnov statistic (K-S statistic) between two distributions is used. We perform
the following procedure 1000 times to get a p-value. A p-value smaller than 0.05 indicates

significant disagreement between the two distributions.

1. Simulating 13 (16, respectively) scores from the distribution (pg, p1, ..., p1o) for the word
pair (Wy, W3) from WordSim-353.1 (from WordSim-353.2, respectively).

2. Computing Kolmogorov-Smirnov distance between (pg, p1, ..., p1o) and the distribution

of simulated scores.

After 1000 simulations, the p-value for (W7, W5) is given by the proportion of times that
the observed K-S statistic exceeds the simulated K-S distance. As it turns, around 50%
of word-pairs showed agreement between human rating and our computer rating (Figure
4.8). Given that the raters of WordSim-353 were from a generation before the inception of
Wikipedia, we consider this result supports the potential of our folksonomy-based approach
in reflecting human judgment diversity. Figure 4.9 showed some cases that our folksonomy-

based method agreed very well with human rating.

We further split the word pairs into two groups, AG (agreement, word pairs with p-value
> 0.05) and DIS (disagreement, word pairs with p-value < 0.05). We examined the variance
of human rater scores for each word-pair and plot the distribution for AG group and DIS
group separately for comparison (Figure 4.10). We found AG group of word pairs tend to
have larger variance than the DIS group. This indicates our approach may overestimate the
degree of divergence in human rating, provided that the small group of raters participating

WordSim-353 did not under-represent the true diversity of human behavior.
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Figure 4.8: Histograms of p-values for WordSim-353.1 and WordSim-353.2. 53.59% of word-
pairs have p-values greater than 0.05 in WordSim-353.1 and 48% in WordSim-353.2.
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Figure 4.9: Eight cases that our method agreed well with human rating. The red lines are
CDF by human rating and the blue lines are CDF by our folksonomy-based method.
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Figure 4.10: Boxplots for variances of similarity scores across 13 raters (WorSim-353.1 ) and
16 raters (WordSim-353.2). Word-pairs are split into two groups, AG (agreement, p > 0.05)

and DIS (disagreement, p < 0.05).
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Table 4.2: Lists of top 10 words with highest tf-idf scores

talk.politics  talk.politics sci.med

178908 178860 59319
president oath widex

masks garrett resound
attorney gain aids

federal ingres programmable
gas nixon hearing

reno powers loss
yesterday office ear
departments personal ahead

janet monetary sloping
children indictment  reprogramed

4.6 Application in Document Similarity Comparison

Our method can be extended for comparing documents. As a word can be mapped to
multiple conceptual paths, a document will be mapped to an even bigger set of conceptual
paths. As an example, we select three documents (talk.politics. 178908, talk.politics.178860
and sci.med.59319) from The 20 Newsgroups dataset [Lan95]. We further employed tf-idf
(term frequency-inverse document frequency) [SM86] to extract the feature words of docu-
ments. Only top 10 words with highest tf-idf were kept (Table 4.2). We merge conceptual
paths of these words to form a bigger set of representative conceptual paths for each doc-
ument. Then we applied the same procedure as described in 3.2 to yield a probability

distribution of similarity scores between two documents.

In this example, we set L = 4 to yield a probability distribution (po, p1,...,ps) for com-
paring two documents as shown in Table 4.3. Here PP is talk.politics. 178908 v.s. talk.poli-
tics. 178860, PM1 is talk.politics. 178908 v.s. sci.med.59319 and PM2 is talk.politics. 178860
v.s. sci.med.59319. Evidently, the probability distributions for (talk.politics. 178908, sci.med.59319)
and (talk.politics. 178860, sci.med.59319) have low probabilities on high similarity scores (6,
7, 8). In contrast, we observe relatively higher probabilities being assigned to high similarity

scores for (talk.politics. 178908, talk.politics.178860).
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Table 4.3: Probability Distributions of Document Similarity

Scores® | PP PM1 PM2

0 0 0 0

1 0 0 0

2 0.1236742 | 0.2240363 | 0.2725498
3 0.1616162 | 0.3133787 | 0.3924248
4 0.1674242 | 0.245805 0.2225693
5 0.1511995 | 0.2126984 | 0.1124561
6 0.1440657 | 0.00408163 | O

7 0.1337121 | O 0

8 0.1183081 | 0 0
aSimilarity scores. Here we set L = 4.

4.7 Conclusion

Human perception on word similarity can be very discordant. Against the common trend of
assigning a single score of similarity by most computer algorithms, we request a new computer
task of assigning a probability distribution of similarity for each word pair. Leveraging the
rich information embroidered behind the principle of free expression and empowered by user
diversity of folksonomy, we design an approach that exploited the category tagging system of
Wikipedia articles to perform the task. The good performance of our method is illustrated
against two word similarity datasets with scores assigned by human raters. For future works,
we plan to modify our word similarity scoring formula by path-dependent weight adjustment

for broadening the application in document comparison.

To sum up, our contributions are fivefold. First, we take a first step in redirecting the
task of word similarity from single score assignment to probability distribution assignment.
Second, we are the first to recognize the rich information contained in folksonomy can be

exploited to describe the diversity of human perception on word similarity. Third, we devel-
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oped a method to perform the new task, and created a website to implement our method
and allow for on-line word comparison by the public. Finally, our word similarity method

can be directly extended for document similarity comparison.
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CHAPTER 5

Comparison between Knowledge-based and
Corpus-based Approaches to Word Similarity

Prediction

5.1 Abstract

Methods automatically judging word similarity generally fall into two categories, knowledge-
based and corpus-based approaches. However, the connection between the outcomes of the
two approaches remains unclear. The corpus-based approach generates word vectors by
training models with a large training corpus. To obtain a similarity score between two
words, the dot product of the two word vectors is computed. Instead of the dependence on
which corpus to use, the knowledge-based approach requires a preexisting knowledge base.
This section aims to compare their prediction performance via regression and factor analy-
sis. We found that the outputs of the two approaches indeed reflect disjointed perceptions
human raters employed in the word-similarity tasks. Therefore, we proposed a way to easily

distinguish what word pairs that two approaches yield consistent/inconsistent predictions.

5.2 Introduction

Methods of judging word similarity generally fall into two categories, corpus-based and
knowledge-based approaches [HRJ15]. The corpus-based approach was founded on the
maxim, You should know a word by the companies it keeps [Fir57], which has shown re-

markable performance on different word-similarity tasks. Landauer et al. proposed Latent
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Semantic Analysis (LSA) that employs singular value decomposition to generate vectors as
word representations [TPD98]. Since then, many methods were proposed to generate word
vectors. Bengio et al. published a series of papers using neural network techniques [YRP03].
The team of Tomas Mikolov proposed the continuous bag of words (CBOW) and skip grams
(also known as word2vec) [TKG13] and Jeffrey et al. proposed Global Vectors for Word
Representation (GloVe) [PSM14]. These methods need to be fed with a large corpus to train
models in order to generate word vectors. To obtain a similarity score between two words,

the dot product of the two word vectors is computed.

Instead of the dependence on which corpus to use, the knowledge-based approach requires
a pre-existing knowledge base. WordNet is the most common knowledge base employed by
the majority of methods developed in this realm. WordNet collects over 150,000 English
words, and organizes them into cognitive synonyms (synsets). These synsets are connected
through conceptual, semantic and lexical relations such as hyponyms, hypernyms, meronyms,
holonyms [Geo95]. Wu and Palmer proposed a method that exploited ontology/taxonomy to
compute similarity scores based on Least Common Subsumer (LCS) [ZM94]. Many methods
based on LCS, known as the edge-counting-based approach, were proposed [TBK06, YZDO03,
HBB14]. Another type of knowledge base approach used features of words to assess the
similarities [Amo77, AM03, EGA06].

In order to evaluate the performance of word-similarity methods, many test collections
have been proposed (Table 5.1). Each test collection provides a list of word-pairs rated
by multiple human raters. Generally, Pearson correlation coefficients of word-similarity
methods’ output and the average score of human rating indicates the performance of the
word-similarity methods. However, there is a lack of statistical methodologies to measure
differences between word-similarity methods [FTR16]. Therefore, we conducted a series of
analysis to distinguish the outcomes of knowledge-based and corpus-based approaches and
show both approaches reflect distinctive perceptions that human employed in word-similarity
tasks. Finally, we proposed a better way to assess the performance of different word-similarity

methods with distinctive approaches.
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Table 5.1: Word similarity test collections

SemEval-2017 Task 2 500

Test Collection Number of Word Pairs Source
RG 65 [RG65]
MC 30 [MCI1]
WS-353 353 [FGMO1]
YP-130 130 [YPO6]
MTurk-287 287 [RAG11]
MTurk-771 771 [HDG12]
MEN 3000 [BBB12]
RW 2034 [LSM13]
Verb 144 [BRK14]
SimLex 999 [FRA14]
[

CPC17]

5.3 Research Methods

Since designing word-similarity prediction methods is one of fundamental task in AI, many
word-similarity performance tests have been available for the public. However, many word-
pairs in the test collections are the comparison of words in different part-of-speech, such
as day vs sunny, dirt v.s. dirty, dirty v.s. friends, etc. In addition, some earlier test
collections did not have enough number of word pairs for reaching statistical significance.
To simplify the analysis, we focus only on the similarity between nouns and use the 666
Noun-Noun pairs of SimLex-999 (SimLex-666) and WordSim-353 for the following analysis.
Here, SimLex-999 is a test collection designed to measure the performance of word-similarity
methods on semantic similarity. It provides average human ratings of 666 Noun-Noun pairs,

222 Verb-Verb pairs (SimLex-222), and 111 Adjective-Adjective pairs (SimLex-111)

We execute four different knowledge-based methods—Tversky’s, Rodriguez’s, MA Hadj
Taieb’s, and X-Similarity’—and two popular corpus-based methods—word2vec and GloVe—with
SimLex-666 and WordSim-353. In addition, as our folksonomy-based word similarity method

can work with a wide knowledge base, we fed it with both hypernyms of WordNet and the

"'We initially selected MA Hadj Taieb’s method and X-Similarity as representative methods for edge-
counting-based and feature-based. However, X-Similarity was published in 2006, earlier than MA Hadj
Tajeb’s. Therefore, we add two more popular feature-based methods into the analysis to increase the
prediction power of the knowledge-based approach.
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category information of Wikipedia respectively, and computed the expected similarity scores
for word pairs of SimLex-666 and WordSim-353. The outputs with hypernyms of WordNet
is denoted by wordnet.E, and the other with Wikipedia is denoted by wiki.E. In total, eight

measurements (outputs of word-similarity methods) were obtained for a word pair.

5.3.1 Regression Analysis

In this section, we compare the prediction power of two approaches and examine whether
they can perform equally well on SimLex-666 and WordSim-353. Since most word-similarity
prediction methods only attempt to estimate an average score of human raters, we take the
average scores as the response variable Y. We selected two similarity measurements, Hadj-
Taieb’s (X) and GloVe (Z), to represent two approaches respectively due to best performance

in their kind, and start with a linear regression model 5.1.
Y=aX+5Z+¢ (5.1)

We wish to know what percent of variation for the response variable Y not explained by
X(Z) is explained by Z(X) with both WordSim-353 and SimLex-666. Applying the same
procedure (Equation 5.2-Equation 5.6) to both test collections and obtain partial R?s, we

obtain the outcomes shown in Figure 5.1a and Figure 5.1b.

From 5.1, we obtain R?

X =07 +e (5.2)
Y =760+ €3 (5.3)

From 5.3, we obtain R?_
Z=dX+¢ (5.4)
Y =64 + €5 (5.5)

From 5.5, we obtain R2_
L R (5.6)

Accordingly, for WordSim-353 GloVe shows a better prediction power than HadjTaieb’s
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method, whereas HadjTaieb’s method explains more variation than GloVe for SimLex-666.

However, both plots show over 50% of unexplained variations. We have also conducted the

same procedure for other methods. As a result, they have an even higher ratio in unexplained

variation.
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Figure 5.1: The percentage of R? contributed by GloVe and HadjTaieb’s method for

WordSim-353 and SimLex-666.

Two approaches show inconsistent performance across WordSim-353 and SimLex-666.

Regardless of human ratings, we further examine whether or not a common factor of ap-

proaches exists with factor analysis.
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5.3.2 Factor Analysis

We take the word-similarity measurements of SimLex-666 and WordSim-353 obtained by 8
methods as observable variables and generate the correlation matrices as shown in Figure 5.2
and 5.3 for conducting factor analysis. Here we employed factanal( ) function in the psych
R package to produce maximum likelihood factor analysis for 2 common factors (Table 5.2
and Table 5.3) at 0.05 significant level. In both tables, F' is the estimated loading factors
and F* denotes the rotated (with varimax) estimated loading factors.
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Figure 5.2: The correlation matrix of eight word-similarity measurements with WordSim-353.

In both Table 5.2 and Table 5.3, all the measurements are positive in the first loading
factor I} that indicates the first loading factor might reflect a common factor of all variables.
Additionally, the high loading of word2vec and GloVe suggest the corpus-based approach
explains more variation in this factor. Therefore, we might label it a common sense factor.
For the second loading factor F5, the measurements of knowledge-based approach are all
positive, whereas the rest are all negative. This factor reflects a clear difference between two

approaches.
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Figure 5.3: The correlation matrix of eight word-similarity measurements with SimLex-666.

Table 5.2: Factor Analysis of WordSim-353

Variable FY F i1 F, Specific variances
HadjTaieb 0.756  0.355 | 0.516 0.647 | 0.316

Rodriguez 0.834 0.296 | 0.497 0.732 | 0.217

Tversky 0.865 0.185 | 0.397  0.790 | 0.218
XSimilarity 0911 0.226 | 0.449  0.824 | 0.119

wnet.E 0.630 0.086 | 0.243  0.588 | 0.596

wiki.E 0.178 0.354 | 0.387 0.083 | 0.843

word2vec 0.216  0.974 | 0.997 -0.037 | 0.005

GloVe 0.13 0.759 | 0.767 -0.067 | 0.407
Cumulative Variance | 0.365 0.598 | 0.333  0.66 p-value = 0.157
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Table 5.3: Factor Analysis of SimLex-666

Variable EY Ey Fy Fy Specific variances
HadjTaieb 0.695 0.319 | 0.665 0.378 | 0.415

Rodriguez 0.843 0.204 | 0.658 0.566 | 0.247

Tversky 0.825 0.134 | 0.59  0.592 | 0.302
XSimilarity 0.868 0.265 | 0.722 0.55 0.177

wnet.E 0.628 0.169 | 0.504 0.411 | 0.577

wiki.E 0.099 0.406 | 0.388 -0.156 | 0.825

word2vec 0.297 0.829 | 0.847 -0.243 | 0.224

GloVe 0.233 0.938 | 0.897 -0.359 | 0.066
Cumulative Variance | 0.397 0.646 | 0.459 0.646 | p-value = 0.18

Depending on the feeding data our word-similarity method generate disparate outcomes.
For instance, as WordNet is a collection of well definite knowledge, the measurement of our
word-similarity method inclines to those methods of knowledge-based approach, whereas
the category information of Wikipedia as folksonomy is more close to the information the

corpus-based approach attempts to extract. This result suggests that two approaches assess

word-similarity from distinctive perspectives.
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5.3.3 Liquid Association Analysis

Hitherto our analysis suggests both the knowledge-based approach and the corpus-based
approach indeed reflect distinctive human perceptions. To provide a comprehensive view of
the comparison, this section is to explore what word-pairs two approaches yield consistent
similarity scores. A simple scatter plot might be useful for finding those word pairs. However,
the simple scatter plot cannot tell on what conditions the word-pairs are judged consistently
or inconsistently by different approaches. Therefore, we propose to use Liquid Association

in conjunction with our word-similarity method to detect those conditions.

As our word-similarity method yields a probability function for a word pair, we can
obtain a cumulative distribution function, F(i) = P(similarity score < i), where ¢ =
{0,1,2,3,...,10}. A low similarity score with high probability, such as large F'(2), indi-
cates an weak association between words. To apply LA, we set the measurements of GloVe
as X, the measurements of HadjTaieb’s method as Y, and F(2) as Z to draw LA plots as
shown in Figure 5.4. Here we fed our word-similarity method with the category information

of Wikipedia based on the observation from Factor Analysis.

The LA plot shows that the correlation between two measurements is positive for the
word-pairs with lower F(2). For word-pairs with higher F'(2), both methods come up with
inconsistent scores in WordSim-353. We compare the word-pairs with lower F'(2) and higher
F(2) based on Figure 5.4. We found that the word-pairs with higher F'(2) have larger
variance of human rating. That is, two approaches tend to disagree with each other for

word-pairs that may lead higher disagreement.

69



HadjTaieb  High

Low

-0.214

4 o Low F(2)
Median F(2)
® L . High F(2)
° [ J — —  Linear (Low F(2))
| . ° ° . — —  Linear (High F(2))
[ ] ~ °
°
[ ] M o ¢ .
*® o < °
° @ N ’0 -
. [ >
oo e -
oo ‘o . ® © ® o
—] * ® 0 o (Y >
¢ o ‘e @ -®
* ([ ] P T o © ‘//‘
® & - 2 (X} °
.t Lo ‘. % e’;" e r=04241 (165 points)
oe®%e o° Qe s o, ° r=0.0944 (22 points )
- o * Y 9 B0 o + r=0.0086 (166 points)
. oe’ dbs . e, 00
P L 200u 0. & O [
CAM SOl 3™ 1 ﬁ ] o
—————————— O SSTIONNT T W WS E 3 ity
_-7 won * o0 . °
PR 3 ¢ O H [ )
. e * 406 0 w0 00 o .
e o s0% 4 % +%
1 - PR * 98 ¢ex®”
L -~ ° °* e HE YO\ (]
* o * ® 0 :2
° * (] PO *
¢ © > *
([ ] ° H
°* o % ®
' P'S <
[} Y
® oxX % o °
I I [ [ I
-2 -1 0 1 2

Low GloVe High

Figure 5.4: Liquid Association Plot for Three Measurements to WordSim-353.
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5.4 Discussion

In this chapter, we use partial R2s to explore what percentage of variations two approaches
can explain. Except for the portion of unexplained variation, the knowledge-based approach
works better in SimLex666, the test collection for measuring the performance of word-
similarity methods in semantic similarity, whereas the corpus-based approach does better
in WordSim353, the test collection for measuring the performance in word relativity. Both

approaches might reflect distinctive human perceptions in the judgment of word-similarity.

Through factor analysis, two factor model show two approaches share a common factor,
common sense factor, which is dominated by the corpus-based approach. Additionally, a
clear cut between two approaches are observed on the second loading factor. This result

suggests that methods assess word-similarity differently by the approaches they adopt.

Since the knowledge-based approach and the corpus-based approach, in our analysis,
reflect distinctive human perceptions in the judgment of word-similarity, we conclude that
human raters employ three distinctive perceptions: common sense, definite knowledge and
sentiment to judge word-similarity. As what Figure 5.6 shows, a human rater may use three
perceptions to judge word-similarity, yet there might be a small portion of overlap between

definite knowledge and common sense (a gray area).

Although two approaches reflect distinctive human perceptions, we use LA in conjunction
with our folksonomy word-similarity method could detect what word-pairs are judged con-
sistently or inconsistently by the knowledge-based approach and the corpus-based approach.
Therefore, our proposed method can effectively measure the performance of word-similarity

methods.
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Figure 5.6: Three distinctive perceptions: definite knowledge (blue circles), common sense
(red circles), and sentiment (gray circles). When a participant (human rater) assess the
comparison between CAR and HORSE, one may use knowledge-based and corpus-based
approaches to reflect human judgments.
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