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Editorial Note
Editor-in-Chief: Paresh Kumar Narayan, Alfred Deakin Professor, Deakin University
Series EditorSeema Narayan, Associate Professor, RMIT University

Asia-Pacific Applied Economics Association (APAEA) conference procequlidjshes high

quality paperss el ect ed out of papers presented at
conference is affiliated with either SCOPUS indexed or social science citationrecthdex
journals. The APAEA conferences encourage presentation of papers broadly in the fields of
economics and finance that make use of advanced econometric techniques and new datasets to
test economic models and hypotheses related to finance and economicsoiCtopics of
importance to conference participants are those that test economic models and hypothesis using
new datasets and/or methods, forecasting financial-denes data, financial market
performance, macroeconomic stability issues, panel datalsnaeergy finance, economic
growth and productivity, and econometrics methods including financial econometrics. These
are the types of papers that are ultimately published iIAR#&EA conference proceedsig

The APAEA conference proceedsdpllow a sirgle blind review procedureAll papers
submitted to the conference go through a single blind review procedure such that those papers
that are ultimately published in tHeroceedingshave undergone a review process. The
conference and, therefore, fRmcealingsrejection rate stands at 50%. The low quality papers,
which in the view of the conference scientific committee and the Editor d?rieeedings
havelow chances oadvancing knowledge and contributing to the literaturexdeskrejected

without senthg the papers faa formalreview.

All APAEA publications including the Proceedings follow the publication ethics and
malpractice statements developed for editors and authors by Wagner & Kleinert (2011). See
https://publicationethics.org/node/11183r details and full bibliographical information on
Wagner & Kleinert (2011).
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Deep Neural Networks Understand

Nader Mahmoudi, Department of Finance, Newcastle Business Sttteddhiversity of
Newcastle

Paul DochertyDepartment of Banking and Finance, Monash Business School, Monash
University

Pablo Moscato, Department of Computer Science and Software Engineering, School of
Electrical Engineering and Computing, The University of Newcastle

ABSTRACT
The presence of noigeaders in financial markets may result in investor sentiment affecting
stock returns. However, studies that seek to examine the impact of investor sentiment have
been affected by inaccurate sentiment measurement and the use of inappropriate data. This
study presents a superior measure of investor sentiment by applying advanced sentiment
classification techniques to data from StockTwits, an investfioensed social media
platform. The inclusion of emojis is also shown to result in significantly bettetimsaant
classification in traditional algorithms. Moreover, deep neural networks with despeaaific
word embeddings outperform the traditional approaches for the classification of investor
sentiment. The approach to sentiment classification outlinedsm#per can be applied in
future empirical tests that examine the impact of investor sentiment on financial markets.

Keywords: Investor Sentiment, Domaispecific, Emojis, Deep Neural Network (DNN),
Word Embeddings, StockTwits
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1. Introduction

Although the neoclassical finance paradigm of efficient markets provides the proposition that
stock returns are unpredictalffeama, 197Q)a large body of contradictory empirical evidence

has brought this theory into questi@aker & Wurgler, 2000; Cochne, 2000Q)In light of this
evidence,behavioral financehas been proposed as an alternative theoretical paradigm to
explain stock returns. The key implication of behavioral finance is that the emotions and moods
of investors play an important role fimancial decisiongNofsinger, 2005) Moreover, the
presence of irrationalittand the emotive basis of decisions made by Aoakers, who
comprise a relatively large proportion of stock market particip@téck, 1986) has resulted

in investor sentiment being considetednfluence investor decisiemaking, and hence stock
returns. This new paradigm of stock market behavior has resulted in the need to develop
accurate measures of investor sentim@tian & Chong, 2017)This studyexamines the
incorporation of notiext features, such as emaoijis, the development of despaicific word
embeddings and the use of deep learning to classify investor sentiment.

Despite a large number of studies proposing a relationship between investmese and

stock market returns, there is limited empirical evidence supporting this proposition.
Proponents of behavioral finance argue that this lack of empirical evidence can be attributed to
problems with the measurement of investor sentiment inimgistudies of financial markets.

These problems include: the absence of an accurate approach for measuring investor sentiment
(Bollen, Mao, & Zeng, 2011; Oh & Sheng, 20luiye of datasets from platforms that do not
accuately represent investofBollen et al., 2011; Rn c o, Al eksovsKki, Cal d
Mo z et i I and tBeQude®f)short sample peri@@slien et al., 2011; Oh & Sheng, 2011)

Our study seeks to provide a resolution for these problems by applying sentiment classificiation
(SC),xr oss a dataset that can appropriately re

The application of sentiment analysis is widely employed across the social sciences. For
example, in the marketing discipline measures of customer sentiment are applied as a proxy
for preferences for a particular product or seryiRang & Lee, 2008)The evolution in general
purpose SC techniques can be divided into two separate paradigms: traditional machine
learning and deep learning. Traditional methods depend on feature extraction, the process of
transforming the rawexts into features from which classification algorithoan learn. Various
manually engineered and complex feature types have been proposed to capture this
information, includingn-grams, parts of speech, negation, and emojis/emot{éguarwal &

Zhai, 2012;Pang & Lee, 2008)Moreover, different domaigeneral and domaispecific
sentiment lexicon resources have been constructed for sentiment classification where polarity
indices such as positivity, negativity, or objectivity are assigned to every(Baotianella,

Esuli, & Sebastiani, 2010; Deng, Sinha, & Zhad1?2)

Deep neural networks (DNNSs) reach stat¢he-art performance in most of the NLP problems
without any need for enhanced fmegineered feature@Kalchbrenner, Grefenstette, &
Blunsom, 2014) These models can capture deep local features by convolution kernels or
capture longdistance dependencies by memory units over the input sen{&n®®ang, Jiang,

& Luo, 2016) The success of word embedding construction algorithms, which take a large
corpus as input and produce a hidjmensional vector spadMikolov, Chen, Corrado, &

Dean, 2013; Pennington, Socher, & Manning, 20143s led to an increase in the
implementation of DNNs on NLP problems. The word embeddings play a strongly significant
role in solving the NLP problems as they succeed in representing semantic and syntactic
relationships between words in a context. Meanwhile, various intrinsic or extringiodse

have been proposed in order to evaluate the word embeddings: similarity (relatedness),

2



[\l

APAEA Asia-Pacific Applied Economics Association Conference Proceedings

The 4" Applied Financial ModellingConference Melbourne Australia, 2018

analogy, POS tagging, and sentiment classificgtgamnabel, Labutov, Mimno, & Joachims,
2015) Despite the above advancements in NLP, extant studies that clags#fiomsentiment

have only applied simple structures with basic feature types and shallow classification
techniques. To date, DNNs have not been implemented for the classification of investor
sentiment.

The collection of investor sentiment data from In&ttbased microblogs overcomes issues
that have been identified from the use of questionnaires, such as errors due to impaired
guestionnaire desig(Brace, 2008jand careless or untruthful participant respor(Sasger,

2002) While previous studies have sought to measure investor sentiment using other
microblogs, such as TwittéBollen et al., 2011; Ranco et al., 201S)ockTwits should provide

a more relevant source of information to measure investor sentiment, given its focus on stock
related informationOliveira, Cortez, & Areal, 2013)However, it is difficult to use basic
classification approaches to classify investor sentiment in StockTwits given the distinct
properties of the texta ithis microblog. First, the terminology in StockTwits employs everyday
English words but in ways that carry specific financial and investment megidtigsira,

Cortez, & Areal, 2016) Second, StockTwits is also characterized by the use ctexbn
charactersa convey feelings and beliefs, such as emojis and emot{cow® v a k , Smai |
Sl uban, &0153) Mpreover, the posts made by users (investors) comprise a more
prominent use of negation, sarcasm, and dorspétific analogies that are very hard to extract

by handcrafted feature§ShirantMehr, 2014)

The contributios of this study are thrdeld. First, the inclusion of netext features, emojis,

is shown to improve investor sentiment classification. Second, this study evaluates GloVe and
Word2Vec to analyze their ability in capturing domapecific word similaritis compared

with domainrgeneral word embeddings. This is carried out through an entirely novel domain
specific evaluation method called the FinSim Index, which represents the similarity between
two words in the finance context. Finally, different types ekm neural networks are
constructed, which are able to detect absiea! feature types such as sarcasm and achieve
the highest accuracy in investor sentiment classification.

This paper continues with a literature review in section 2 and a disco$sfmethodology

in section 3. The results are reported in section 4, including a discussion of emojis, word
embeddings, and deep neural networks, while section 5 gives the conclusion, describes the
limitations, and foreshadows future work.

2. Related Studies

News websites, social networks, and weblogs provide modern investors with the opportunity
to exchange information and opinions about financial markets with high freqSooy
Belatreche, Coleman, McGinnity, & Li, 2014pince the advent of the Internet, various
techniques have been utilized by researchers in order to use this information to extract measures
of investor sentiment. These methods can be classified into two main groups:-leasesh
techniques and machitearning techniques. The use of these lexibased approaches in the
financial domain was initiated by Tetlock, S8aechansky, & Macskass{2008) who
constructed a daily measure of the sentiment using daily content from a popular Wall Street
Journal (WSJ) colum This measure is called tpessimism factagince it is highly related to
words with negative polarity.

A key limitation with the pessimism factor is that it is constructed by categorizing words
according to the Ge+#dicti@adry. Suchgliationares niag be hhaitedv a r d
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in their ability to assign sentiment to words used in the financial context, due to the use of
domainspecific language. In order to overcome this drawback, Dougal, Engelberg, Garcia, &
Parsong2012)and Garcig2013)have constructed an alternative investor sentiment measure

by using a domakspecific dctionary that is developed from a large sample of 10k financial
reports (Loughran & McDonald, 2011)Written language has recently undergone a rapid
trarsformation through the Internet, which has resulted in a range of new ways to express a
specific idea. Emojis and emaoticons, Internet slang, acronyms, and sarcasm are examples of
the entities and linguistic structures that have become pervasively comnonig @@ople,
especially the users of social networks. Lexibased sentiment classification approaches are

not able to capture these new features.

The vast amount of investment sentimeglited data that is publicly available on the Internet
has resultedn a tremendous growth in the use of machine learhasged approaches for
investor sentiment classification. Antweiler & Fraf@004)applied Naive Bayes and Support
Vector Machires for classifying texts from stock message board postings on Yahoo Finance,
using unigrams that have the highest average mutual information with class labels to
categorize sentiment. The same methodology was adopted by Sprenger, Tumasjan, Sandner, &
Welpe (2014)to classify investor sentiment using data from Twitter. Subsequent analyses of
Twitter posts have classified investor sentiment using a training dataset thatamaally
labeled by ten finance expefRancoet al., 2015)and through the application of the Naive
Bayes classifying on a balanced dataset that took negation and emoticons into @cddunt

van Dalen, & van Rees, 2017)

Researchers have recently directed their attention to the extractiorestar sentiment from
StockTwits(Oliveira et al., 2013)For the first time on texts from StockTwi{©h & Sheng,
2011) utilized the bag of words (BoW) feature transformation to train the decision tree
classifier. Various machine learning algorithimeve also been adapted to measure investor
sentiment via StockTwits such as Naive Bayes, Decision Trees, and Bayesian NéAvorks
Nasseri, Tucker, & de Cesare, 2014, 2015:Be& Yang, 2017) To boost these approaches,
they have been combined with different feature selection and extractiongees including
information gain criteria and a FIBF weighting scheme with simple ugrams(T. Wang et

al., 2017)dentify that superior performance in StockTwits sentiment classification is achieved
by using unigrams as the features and Support Vector Machine as the classifier.

Deep learning is one of the popular machinerliggrtechniques that has commanded attention

in various complex artificial intelligence problems including computer vigknzhevsky,
Sutskever, & Hinton, 2017¥peech recognitiofHinton et al., 2012)and machine translation
(Luong, Kayser, & Manning, 2015With different architecture, it has been successfully
adapted for natural language processing problems, specifically sentiment analysis. For the first
time, Kalchbrenner et a(2014) implemented Convolutional Neural Network (CNN) on
various sentence modeling problems and classify sentiment across a Twitter dataset, resulting
in a 25% reduction in error compared with tteesof-the-art traditional classification systems.
Furthermore, different versions of Recurrent Neural Networks (RNNSs), such as Long Short
Term Memory (LSTM)(Hochreiter & Schmidhuber, 199@nd Gated Recurrent Unit (GRU)

(Cho, van Merrienboer, Bahdanau, & Bengio, 201¥)ve also been tested on various NLP
tasks including sentiment classificatifvin, Kann, Yu, & Schutze, 2017Yhese models can
capture longerm sematic and syntactic dependency of the texts, whereas CNNs focus on the
local features through the convolutional and pooling layers embedded inside them. Wang et al.
(2016) have introduced joint CNN and RNN arauture to combine their advantageous
characteristics of simultaneously extracting local and-teng features respectively.
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Before feeding the texts to a DNN for any NLP task, the words are transformed into high
dimensional embedding vectors that capture semantic and syntactic similarities between words.
The embedding vectors are usually imported fromtpai@ed word embeddisgthat are
optimized over a large unlabeled corpus rather than randomly initialized ones, since the former
can represent the semantic and syntactic relationships between the words better. Two widely
used algorithms, Word2Vegdlikolov, Sutskever, Chen, Corrado, & Dean, 2048y GloVe
(Pennington et al., 2014Rke a large corpus as an input and produce adiigérsional vector

space working as unsupervised learning algorithms. GloVe examinesalewroence matrix

of the words in constructing the word embeddings, whereas Word2Vec trains a simple neural
network with one hidden layer. The word embeddings traingtidse algorithms on massive
corpora have been commonly used for various NLP tasks as they tend to lead DNNs in solving
the semantic and syntactic spargXy Wang et al., 2016)

In an intuitive study, Kim(2014)takes advantage of preained word embeddings in training

a simple CNN model and shows that this model outperforms the model with random
embeddings initialization. It is also shown that CNN with trainable word embeddings is capable
of fine-tuning these embeddys based on the problem at hand. Moreover, the results show that
combined CNNRNN models outperform both RNN and CNN types of models, especially
when the prdrained word embeddings are fed into mo@éfang et al., 2016 However, these
domainrgeneral word embeddings are not able to perfectly capture dpadific
similarities, especially in StockTwits where investors have constructed their own language. In
order to overcome this dmin-specificity, Li & Shah(2017) have trained domaispecific

word embeding over a large dataset from StockTwits with the aim of building a finance
sentiment lexicon. It is shown that the domsyrecific word embeddings result in significantly
better sentiment lexicons than the doragémeral word2vec embeddings.

3. Methodology
In this section, we will discuss traditional classification algorithms and deep neural networks
in detalil.

3.1. The Traditional Machine Learning Paradigm

Traditional classification methods generally consist of two main parts: feature
engineering/extraction an classification algorithm development. These -puicesses,
proposed in this research, will be reviewed briefly in the following sections.

3.1.1. Feature Extraction
Various feature types have been examined in traditional sentiment classification problems
(Pang & Lee, 2008and particularly in the problem of investor sentiment, some of which are
as follows:
1 N-grams:In this research, we have tested the presence-gframs, bigrams, and trgrams

to capture some ofthecomple | i ngui sti c structures such

a ¢

phrases (e.g. ndvery hanmpgmongfeaturBsyvariousgaluesthae ¢ o n s

been examined for minimum document frequency and maximum document frequency in
order to eliminate th effect of unusual terms (e.g. misspelt words) and common terms (e.g.
stopwords).

1 Negation: In order to empower the feature extraction mechanism, we have fol{&aad,
Lee, & Vaithyanathan, 2003nd tagged the words that come after the negation words,

words such as finot O, finoo, fnever O-Jevelinot hi

punctuation.
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1 Emojis: Emojis play a decisive role in determining the sentiment polarity of informal and
short texts in social media, weblogs, or comments. The language used by people in
StockTwits differs significantly from ot he
caries a pessimistic meaning in StockTwits while it would be interpreted simply as a color
in other social networks. Emojis also have different usage patterns in Stockwits.
(rocket),4& (money bag)g (bear face)® (pile of poo),# (ox),/” (chart increasg), and
™ (chart decreasing) are some of the emojis commonly used by investors on the StockTwits
platform in order to express their feelings and ideas. For the first time in the field of investor
sentiment classification, we explore the effect of enmajidinancial text labeling.

3.1.2. Classification Algorithms
Three relatively popular and higerforming classification algorithms, including Naive Bayes
(NB), Maximum Entropy (MaxEnt), and Support Vector Machine (SVM), will be implemented
to identify the mossuccessful one. The best traditional algorithm chosen here will play a
baseline role for the rest of analysis undertaken in this study.
Naive Bayes (NBfManning, Raghavan, & Schitze, 20@8pne of the most frequently used
algorithms in text categorization and information retrieval problems. NB ®snwle
probabilistic classifier which is based on Bayesian Theorem and assumes independence among
features of the observations. Starting from Bayesian theorem for a document from class
6 H Q phckB h) andwith feature vectoro oo 8 oo, wehave:
@ O QaEd® 26 0 OPH (1)
v AR
wherewy 6 forQ phchB8 h).
Maximum Entropy (MaxEnt) (Berger, Pietra, & Pietra, 1996¢stimates the
0 6 KoM ho  based on the following equation:
0 6wk —Q0R _ {0 GRoMBRoRD @)
whered @ Foo B Fro  is normalization function, ; is featureweight parameters, and,
is feature/class function for featukeand clas® and defined as:
n e P B B pht whohB hw e & O
Or whotB o b . £ wDi 00 Q )
Support Vector Machine (SVM)Scholkopf & Smola, 2001j)s a larger marginal
classifier rathertitan a probabilistic classifier. It separates the observations in different classes,
optimally keeping the margin as great as possible and reaching the Sptiyahe following
linear optimization problem:

dOs:s 6B 4)

subject to:
o1l o o p , FQEN pghB e (5)
, T (6)

wherew is the observations) ¥ pis the class labels féR plghesdt,, is the slack
variable for linearly not separable observations, shows feature space, amd is the
regularization parameter, in that the bigger it is the more the errors are penalized.

3.2. Deep Learning Paradigm

ADeep l earning me t Heardirsg mathods withe multiples kevels aft i o n
representation, obtained by composing simple butlim@ar modules that each transform the
representation at one level (starting with the raw input) into a representatibigher, slightly

mor e ab st (LaCun, Behngioy & IHiton, 2015, p. 1) Deep neural networks
automatically capture the representation of words, conferred contextual information, from a
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raw input corpus for a particular task, independent of any-beafted features. We will
discuss word embeddings as wadleach of these architectures in the followingsediions.

3.2.1. Word Embedding

The word vectors, also called word embeddings, capture semantic and syntactic characteristics
of words over the corpus. Thus, semantically and syntactically similar wordsewiilapped

to nearby points. There are two principal approaches to devekimapred word embeddings,

GloVe and Word2Vec. Applying these two algorithms, we have also constructed new word
embeddings using unlabeled messages collected from StockTwits mtorelealuate their
performance in capturing domaspecific similarities in finance.

3.2.1.1. Skipgram with Negative Sampling (SGNS)
Briefly, SGNS (Mikolov, Sutskever, et al., 20133 a pedictive approach that tries to find
context words surrounding a given target word. Using a fully connected neural network with a
single hidden layer, it aims to maximize the average of the sum of log probabilities through the
following objective function
v -B B FoLIn@® 9 (7)
where"Yis corpus size€; is context size, angl 0 Q0 is calculated by the following
softmax function:
oY ——— ®)
wherew is vocabulary sizeand and0 ar e fAi nput o and Aout put
of word 0 . However, this will lead to a very high computation costipfo 2 due to the
size ofw , which is usually large, and, therefore, two options have been ioc&ddn order to
make it computationally efficierfMikolov, Sutskever, et al., 2013)

First, thesub-samplings c heme has been proposed to deal v
At hed, and Aad, as they wusually pr oegatvke | ess
sampling has been presented based on the-gkamn model but with a different objective

function to approximate the loss of softmax with the aim of reducing computation time.

3.2.1.2. Global Vectors (GloVe)
On the other hand, GloM@ennington et al., 20149rms the ceoccurrence matrixo
each of whose elements, , represets the number of times wor@ppears in the context of
word “QThe word context is defined by a variable window size. During construction of-the co
occurrence matrix, the decreasing weighting functiopg? applies for the pairs that appear
‘Qwords avay from the center word as they may carry less relevant information.
The soft constraint for each word pair is defined as follow:
00 @ O 1ITd (9)
where0 is vector for center word andl is vector for the context word amal and@®
are their scalar biases, respectively. In the end, the cost function below, a weighted least squares
regression model, will be minmized:
0O BB MQ® 00 o o 11d& (10)
wherew is the size of the vocabularma™Qis weighting function designed to reduce
the effect of extremely common word pairs. The authors have chosen the following function:
o~ V() h N w
Qw R £ED1 00l 0 (11)
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wherew p 1 and T Vsuggested in the corresponding pgpemnington
et al., 2014)

3.2.2. The Convolutional Neural Network (CNN)

The CNN i mplemented for investor sentiment
study(Kim, 2014) consists of four primary layers. @ltorresponding CNN is constructed by

an input layer, convolution layer, mgooling layer, and fully connected layer (see

Figurel). Below, we have dicussed each layer with the relative mathematical formulation.

Input Layer treats the input sentence (tweet on StockTwits in our case) as a sequence
of ¢ words, each of which is represented byQalimensional vector of embedding:

whoho M ho wherew N a5 | "Q phehots FE.

Convolution Layeraims to capture local features that concurrently appear in the
previous layer by a set of learnable filters called convolution kernels. Mathematically, the
weight matrix for the convolution filter i$ ¥ a4, which will be applied to the window of
"Qwords with an embedding dimension@f
After convolving every possible window of words, the feature mbecomes:

) ® QRO ) 9)
wherewnN 5 and the convolution filtew for position"(n the sentence is calculated by:
w Qi oy &) (10)

whereqN 5 is bias and f is a nelinear activation functich
Max-pooling Layer addresses the most important features by pooling over every
feature map bearing a clsesemblance to the process of feature selection in natural language
processing. Thus, the pooled feature nigpyill be calculated by:
D I Adhbhos o (11)

Figure 1. Downscaled Convolutional Neural Network (CNN) for investor sentiment
classification.
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1 1n this study, the Rectified Linear Unit (ReL(Hlinton et al., 2012has been chosen as the activation
function as it speeds up the training process and leads better performance in many cases.
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Finally, the concatenated and flattened pooled feature maps are passed through a high
dimensional dense layeknown astextbf{\textit{the fully connected layer}} anted into the

output layer whose output is the class probabilities. The output layer computes these
probabilities by softmax activation as follows:

0 & @ O £O0LAD @ —

wherel andc are the weight vector and bias of ffh class.

o

(12)

3.2.3. The Recurrent Neural Network (RNN)

The recurrent neural network (RNN), as an extension offie®eard neural networks, can
handle variabldength sequences, having a recurrent hidden state whose iantigat the
current timestep is dependent on what it has seen on the earlier time step (see

Figure2 (a)). Despite excellent performance on variousbfgms such as speech recognition,
language modeling, and image captioning, the original RNN is not practically able to learn
long-term dependencies in the sequen@sngio, Simard, & Frasconi, 1994)wo recent
versions of RNNs have been proposed: Long Shern Memory (Hochreiter &
Schmidhuber, 1997and Gated Recurrent Urfitho et al., 2014)The input and output layers
are the same as in CNN, so we skigexplaining them here. The following subsections will
discuss the LSTM and GRU units (shown in

Figure2 (b) and

Figure2 (c) respectively).

Figure 2: Downscaled Recurrent Neural Networks implemented on investor sentiment
classification. a) RNN Structure, b)a LSTM unit, and ¢) a GRU unit.
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(c) Gated Recurrent Unit.

3.2.3.1. Longshort Term Memor(. STM)

Incorporating the cell stai@ at time ste, the LSTM unit controls the flow of information

from the previous time step. This enables it to store relevant information from early time steps
and carry it over long time steps to employ in l&tee steps. This process takes place through

three gates; the forget gate, the input gate, and the output gate (see Figuer 4(b)). The parameters
are updated through the following equations:

M , o foh &) (13)
N , wfoh &) (14)
6 OAITwEt oh (15)
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0 "Qzo V"QZ 0 _ X (16)
A N N (17)
Q ¢ zOAI6E (18)
3.2.3.2. Gated Recurrent Unit (GRU)

Like the LSTM unit, the GRU is designed to capture lergn dependencies of the input
sequences but without carrying the cell state from one time step to the next. Moreover, it merges
the input gate and forget gate into a single update gate that controls the degree to which past
information should matter in the mwant time step. This is determined by:

a ,wtoh (19)
i , otoh (20)
Q OATcE i zi (21)
N p A z2Q az2'0 (22)

4. Results and Discussions
In this section we discuss therformance of both traditional classifiers that use various feature
types and deep neural networks for classifying investor sentiment.

4.1. Data from StockTwits
StockTwits is a social media platform designed for investors wherein they share ideas, beliefs,
and/or feelings about financial markets behavior. It is a place for users to observe traders and
investors, produce posts and contribute to conversations related to the market and individual
stocks. Here, amateur investors can meet and interact with gicofels freely. The streams in
StockTwits contain ideas, links, charts, and financial data expressed within 140 characters. By
the end of 2016, more than 63 million messages had been posted by 250,000 users.

Tablel provides a brief statistics of collected messages from StockTwits between June
2008 and December 2016. As showrilable 1, users have posted 63,647,533 messages in
total between June 2008 and December 2016, which include 82.20% unlabeled messages,

Volume (Percentation

Positive 9,161,337 (14.39%
Negative 2,173,180 (3.41%
Unlabelled 52,313,016 (82.20%
Total 63,647,533 (100.0%

14.39% positive messages, and 3.41% negative messages. unlabeled messages have been fed
Table 1: Statistics of collected messages from StockTwits.com.

For the purpose of thiesearch, all into word embedding generation algorithms, GloVe and
Word2Vec, to map the words into the hidimensional space of embeddings. Moreover, a

Abal anced dataseto of messages has been r anc
216,924 beash messages. All classifiers and algorithms have been trained and tested on this
dataset in order to have a consistent comparison. All messages have been put through some
general preprocessing tasks, including the replacement of URLs with <url>, cashitys
<cashtag>, hashtags with <hashtag>, user mentions with <usertag>, and real numbers with

<number >, coll apsing |l etter repetitions (e.
Ahaaapppyo and ACoool o0, respect wilbe reglgced e x p ar
with fl haveo), and discarding tokens with o

4.2. Traditional Investor Sentiment Classification

10
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Which Feature Type, Which Algorithm

In our method of constructing the baseline to evaluate the effect of emojis and deep neural
networks in the financial context, four different faatutypes with three classification
techniques have been incorporated.

briefly illustrates the experimental setups for traditional classification approaches including
feature extraction and classifier development. The raw messages are transformed to binary
feature vectors whose elemé@is set after prgrocessing to ond feature™Qexists in the
corresponding message and zero otherwise.

4.2.1. Which Feature Type, Which Algorithm

In our method of constructing the baseline to evaluate the effect of emojis and deep neural
networks in the financial context, four different faatutypes with three classification
techniques have been incorporated.

By removing infrequent and useless features such as misspellings, we have discarded the
features that appear in less than five messages to reduce the sparsity of the input. Instead of
using builtin stopwords, we have eliminated the features that appeaver 75% of the
messages to remove less informative but highly frequent features. During the classifier
development process, we have implemented SVM with linear kernel, MaxEnt with liblinear
solver, and Multinomial NB classifier.

We have carried outrsitified 10fold crossvalidation while default values are set for all other
parameters of both vectorizers and classifiers. Moreover, we have implemented a Wilcoxon
SumRank Test (WSuRTJ}Vidakovic, 2013)to statistically compare thmdependent and
random sampfe

Figure 3: Performance of various classifiers on different feature types.

Support Vector Machine M Naive Bayes M Maximum Entropy
76.00

75.00

74.00

73.00
1-grams 1l-grams+Negation  (1,2)-grams (1,2,3)-grams

FigurelFigure 3: Performance of various classifiers on different feature typeshows the
performance of the classifiers, Naive Bayes (NB), Maximum Entropy (MaxEwt)Sapport
Vector Machine (SVM), incorporating four different feature sets, 1

Table 2: Chosen parameter values in feature extraction process and classification
process.

2We have used Scikltearn API steps of developing the traditional classifier.
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grams, igrams with negation tag, (1;8yams, and (1,2,3rams. MaxEnt ouperforms SVM

on every feature type (WSuURT wifavalue 2.1e32). However, it does not show significant
out-performance compared to NB over (k¢gzams and (1,2,3rams with Wilcoxom)-value

of & wvawd 8t L ¢ mespectively. It can be seen that the negation tag does not lead to
significant improvement in the performance of classifiers. This result esyghat more
sophisticated feature engineering mechanisms are required to capture such a complex linguistic
structure, whereas, combiningdrams or tdgrams with unigrams boosts the performance
regardless of the classification algorithm (WSuURT with n-value 10.8e6).
Moreover, SVM demonstrates the least responsiveness or improvement inaccuracy with
respect to changes in feature types, perhaps because of the complex pattern of the dataset,
which is hard for the model to dajpe using simple a linear kernel.

Figure 4: Statistics of messages with emojis and performance of MaxEnt with emojis and
without emaojis.

@®Bearish  @Bullish NA with Emojis lWwithout Emojis
50,000 80.00

40,000 -

30,000 —— 7500 —
20,000 /
70.00 —
10,000 ;//
0= — 65.00 —
OX‘QMXBO'\JO‘] 1&‘3&‘&0(?’30“0“&0 wm@w@ n@omonﬁngm

l-grams  1-grams+Negation (1,2)-grams (1,2,3)-grams

Figure 5: Emoji cloud for popular emojis in a) bullish messages and b) bearish messages.

Feature Extraction | Value Classifier Value
Minimum 5 Kernel (Support Linear
Document Vector Machine)

Frequency

Maximum 75% Solver (Maximum | LibLinear
Document Entropy)

Frequency

Feature Binary Mo d el ( N a | Multinomial NB
Transformation Bayes)
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(@) (b)

4.2.2. Emojis and Investors

Emojis are dynamic and dominant entities of financial social networks, in our case StockTwits,
where investors actively express their feelings@pdions. This website has provided emojis

for the use of investors since 2@15. Therefore, the limited number of messages,
approximately 0.8% of messages, contain at least one emoji. Emojis are now becoming
exponentially more popular as a means ofregping feelings and emotions in the financial
context (se&rror! Reference source not found.(a)). Briefly, there are 1,658 unique emojis

that have been used 1,032,352 times overall by investors in 508,097 messages. Of the
sentimertiabeled messages, there are only 19,376 bearisi4hd66 bullish messages in
which at least one emoji has appedred Ther ef ore, to better demon
discriminative power in investor sentiment classification, we have constructed another
balanced dataset that contains 38,752 messdgdk,bullish and half bearishError!
Reference source not found(b) shows the performance of MaxEnt classifier, the best
classifier from the previous section, on this ddtaBee expected results reveal that the emojis
lead to 7.5% higher classification accuratlyrough manipulating the discriminative power

that is somehow hidden in their usage pattern. However, the presence of other feature types,
bi-grams, trigrams, andhegation, does not have significant impact on the accuracy in the
corresponding dataset wifhvalue 0.3843.

4.3. Deep Learning

Before moving on to the results gained from use of the deep learning paradigm, we will briefly
discuss the experimental settinigs word-embedding constructions algorithms, GloVe and
Word2Vec, and deep neural networks, CNN, GRU, and LSTM.

4.3.1. Word Embeddings, Domagspecific vs. Domairgeneral

Error! Reference source not found.presents values for the parameters of GloVe and SGNS

in constructing domakuspecific word embeddings, GloVeST and Word2VecST, and brief
information about the corpus on which they have been trained. Without padding, the corpus
contains 52,313,016 unlabeletessages from StockTwits which are composed of more than
838 million tokens after prprocessing. The domaspecific word embeddings are trained for

50 iterations to construct a 3@imensional embedding vector of the words that appeared more
than five tmes, taking a

3 Error! Reference source not found.shows the emoji cloud for common emojis in bullish and bearish
messages.
4This is confirmed by WSURT witf)-value 1.82e4.
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Table 4: Examples of word pairs with FinSim index and cosine similarities taken from
word embeddings.

Word Pairs FinSim GloVeST GloVe Word2VecST Word2Vec

Index
Bearish & 0.8 0.6202 0.4193 0.4000 0.4869
Negative
Bullish & 0.8 0.6527 0.4551 0.3676 0.5112
Positive
Bought & 0.7 0.8347 0.5936 0.7090 0.5211
Long
Scalp & Swing 0.75 0.7765 0.0114 0.6385 0.0911
Mutual & 0.2 -0.0855 0.4390 -0.0181 0.5800
Reciprocal
Hedge & 0.75 0.5088 0.3813 0.5276 0.0991
Mutual
Correlation with FinSim 0.7274 0.2524 0.7731 0.4268
Index

Table 3: Brief info about general word emebeddings and parameter setup to train
domain-specific embeddings, GloVeST and Word2VecST

window size of eight. By way of comparison, GloVe and Word2Vec are trained on the general
datasets, Wikipedia 2014 plus Gigaword 5 with 6 billion tokens and Google News with 100
billion tokens respectively.

Two main schemes have been introduced to evaluate the word embeddings: extrinsic and
intrinsic. Extrinsic evaluation methods use word embeddings as an input for another task such
as namegkntity recognition, parbf-speech tagging, or sentiment classiima{Pennington et

GloVve Word2Vec GloVveST and
Word2VecST
Token Size 400,000 1,000,000 263,306
Vector Dimension 300 300 300

Number of Tokens 6,000,000,000 100,000,000,000 838,009,514

GloVe (Pennington et al., 2014) SGNS (Mikolov et al., 2013b)
Minimum Frequency 5 Minimum Frequenc 5
Window Size 8 Window Size 8
(Symmetric)

Xmax 100 k 25

J 0.75 t .0001
Number of Iterations 50 Number of Iteration: 50

al., 2014)with their particular performance measure. Intrinsic methods assess the quality of
word embeddings by evaluating syntactic and semantic relationships between words by use of
a set of preselected query term&Schnabel et al., 2015%imilarity (or relatedness) is an
example of intrinsic approaches where the aim is tosoreathe correlation between the
similarity scores of query terms and cosine similarity as computed by the word embeddings.
However, existing query datasets are not suitable to evaluate finance word embeddings as they
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do not cover any domaispecific queryerms. Therefore, we have constructed a dataset of 158
guery terms for finance, callédnSim to assess the word embeddings intrinsically.

Table 4 shows a few examples of queries using the FinSim Index and cosine similarities
calculated from GloVeST and Word2VecST (domsjirecific word embeddings) and GloVe

and Word2Vet (domaingeneral word embeddings). The FinSim index represents the
similarity of words in the finance context, scored by five finance experts, and scales between
[-1, 1].

Then, the Pearson correlation between this FinSim index and cosine similarities reveals the

Common Parameters

Maximum length 30

Unknown embedding vector U[-1,1]

Kernel and bias initializer Normal(He, Zhang, Ren, & Sun, 2015)
Activation ReLU (Hinton et al., 2012)
Loss function Binary crossentropy
Optimizer Adadelta(Zeiler, 2012)
Back size and epochs 500 & 100

CNN LSTM and GRU

Filter size 200 Hidden units 100
Kernel size [2, 3] Dropout 0.2
Pooling Global maxpooling

Dropout 0.5

guality of word embeddings and their ability to represent finaalzeal syntactic and semantic
relationships. The last row in

Table 4 displays the correlation score between the FinSim index and the cosine similarity
calculated by each piteained word embedding. It can be easily seen that despaicific word
embeddings ogperform the domakngeneral word embeddings in capturing thafice context
similarities. It is also shown that the SGNS has produced moregijity word embeddings

to interpret the finanespecific language used by investors than GloVe. Among demain
general word embeddings, Word2Vec performs better than GloVededaas been trained
over an extremely large dataset that enables it to capture some level of finance syntactic and
semantic relationships. This demonstrates the notably high demand for espaaifiic word
embeddings, especially among finance and iimvest communities.

4.3.2. Deep Learning Algorithms

This section discusses the performance of deep neural networks and tHeltheffect of
word embeddings: convolutional versus recurrent neural networks, depegific versus
domainrgeneral word embeddingand static versus nestatic word embeddings. Before

Table 5: Parameter setup for CNN, GRU, and LSTM.

discussing the results, note that deep neural networks have millions of weights other than word
embeddings to fit the problem at hand. The models used in this study reflect the qulagty of
word embeddings while performing sentiment classification. However, the difference might
not be huge, especially when a reasonable amount of data is provided for them to train.

5 Available onhttp://nip.stanford.edu/data/glove.6B.zip
6 Available onhttps://code.google.com/archive/p/word2vec/
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Figure 4: Performance of Deep LearningAlgorithms with Static and Non-static Word
Embeddings

GloVeST m GoVe ¢ Word\ecST ¢ Word2\ec
@ Go\VeST | Glovke ¢ Word2VecST ) Word2vec ® N Goe e

QNN
QNN
81.00 81.00
80.00 80.50

(a) Static (b3t
4.3.2.1. Convolution vs. Recurrent
Error! Reference source not found.provides an overview of the hypparameter setup of
the deep neural networks, CNN, GRU, and LSTRgain, stratified 16fold crossvalidation
and Wilcoxon SurRank Test have been undertakeevaluate the performance of the DNNSs.

Figure 4 illustrates the performance of deep neural networks trained over various word
embeddings with static or nestatic states. CNNs and RNNs both outperform the best
traditional approach extrating a greater number of hidden sentimental and semantic
overtones of messages. The CNNs handle local features at different positions using
convolutional filters and handle losrgnge relationships using pooling operations. In contrast,
RNNs try to capturéong-term dependencies through memory and forget gates. As the tweets
are fairly short, we expected CNN to perform as well as the GRU and LSTM. However, it has
underperformed the RNNs more specifically when static word embeddings are fed into the
models WSuRT withr-value 0.0015). Moreover, GRU performs the best with static word
embeddings whereas the LSTM outperforms in-siatic word embeddings where models
have the chance to bapkopagate word embeddings.

4.3.2.2. Domainspecific vs. Domaugeneral

As Figure4 shows, domaispecific word embeddings lead to higher accuracy than the domain
general ones even in the nstatic state where the networkdges them over the problem at
hand. As shown in subsectidiB3.], this is because words have a different pattern of usage in
the finance context aere investors have developed their own language. Therefore, compared
with generaldomain word embeddings, domsespecific word embeddings are more efficient
universal feature extractors that help deep neural networks better understand financial language
(WSURT with f-value 0.0115). This result is particularly noteworthy given deep neural

”The models have been constructedkaras API https:/keras.id/with Tensorflow backend and trained on
single NVidia K80 GPU.

8 MaxEnt with (1,2)grams plus emojis gives 77.68% accuracy on the same dataset (WSuRifj- with
value 10.8e6).
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networks have millions of weights other than word embeddings to update during the training
process.

4.3.2.3. Static vs. Norstatic

Initial word embeddings carry any information about syntactic and semantic properties of every
token in the corpus where the words with similar syntactical and semantic characteristics
appear close to each other. However, they do not entail any informaliont the
characteristics of the words for the problem at hand. Therefore, the deep neural network with
nonstatic word embedding provides a valuable opportunity to adjust word vectors and make
them more specific to the problem at issue here, investtinsmt classification.

Error! Reference source not found shows the locatictof the top 10 polar words in the stock
market context before (static state) and after {static state) training the LSTM with
GloVeST (the best combination). Predictably, the neural networktdimes the word
embeddings in such a way that they becoisendjuishable based on their sentiment too. Thus,

this provides an ideal chance for the neural networks to calibrate the word embeddings to reach
their highest performance. We can observe significanperformance of DNNs with nen

cashtag i wish i could just short it :(  Bearish

cashtag with $ numbertag million dollar debt and no refinancing so far , bankruptcy also can happen anytime @ # &7 ¥ = &3  Bearish
cashtag a shim of 7 in a dark tunnel . amid a ton of sharks ®  Bullish

cashtag go green you filthy animal ! you can do it !  Bullish

cashtag it feels great flirting with the dumb bulls here  Bearish

cashtag watch the bears saying things like " its over " " crash is imminent " just wait until the election boys !  Bullish

cashtag hopelessly nobody can bring back steve jobs .  Bearish

cashtag cashtag cashtag cashtag cashtag another beautiful day for the bubble . so shiny .. oil nope . japan nope . china nope . europe nope . nothing stops it  Bearish
cashtag which is a surer bet : buying this stock , or selling a kidney to a gangster on the black market ?  Bearish

targettag not a pump and dump . and could end up being shit . but hey , i will play the er ride  Bullish

cashtag i am going contrarian on this one all the way ... call me crazy but i am thinking january numbertag we go much higher ...  Bullish
cashtag get in crds tuesday $ numbertag k Float that can easily run to $ numbertag can be the next % % on any volume  Bullish

static word embeddingsompared to static ones, as confirmed by WSuURT with- a
value 0.000487. As illustrated ifigure4, CNN with nonstatic word embeddings shows a
2% hoost in its classification performance compared with static ones, and yet GRU and LSTM
perform better regardless of word embedding types.

4.3.3. Qualitative Analysis
In order to better understand the performance of deep neural networks, LSTM with GloVeST,
we hawe extracted the saliency of some of the input texts where the goal is to visualize the units

that contribute most to the final classification. By computing the gradient of output category
with respect to the input, the saliency score demonstrates howt matipe changes with
respect to a small change in the in(&itmonyan, Veddi, & Zisserman, 2013)

In other words, the saliency score is the absolute value of the derivative of the loss function
with respect to each dimension of all input words in the corresponding sefiebceChen,

Hovy, & Jurafsky, 2015)Error! Reference source not found.illustrates the gradient
concentration of all input words in 12 sentences with

Figure 7. Location of sentiment related words before (black) ad after (positives &
negatives).

® Principal Componet Analysis (PCAXWold, Esbensen, & Geladi, 198i8)used to reduce the dimension
of word embedding vectors in order to ease visualization.
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Figure 8: Saliency concentration over every token in the sentences extracted from LSTM
with GloVeST (the best combination).

Darker shadows show intense saliency concentratasiable length and various types of
structures. With these few examples, the aim is to show how LSTM reflects different properties
such as negation, sarcasm, irony, joke, and/or emojis. For the short messages, the LSTM relies
mostly on discriminative feates, such as emojis or sentimental words. Not surprisingly, it is
able to understand some level of jokes and sarcasm by assigning higher saliency to the relevant
tokens. On the other hand, it disregardsinsubstantial parts with lower saliency score and
acawmulates key information over lengthy sentences capturing-temng discriminative
dependencies.

5. Conclusion, Limitations, and Future Work

The development of an accurate classifier of investor sentiment is required to facilitate
empirical investigations dhe role that sentiment plays in financial markets. Using data from
StockTwits, it is shown that MaxEnt and NB outperform SVM despite their simple
classification foundation with a strong independence assumption of the features. Moreover, bi
grams and trgrams robustly boost the classification performance of investor sentiment,
capturing longrange dependencies to some extent in the tweets. Although negation is one of
the key grammatical rules that inverts the meaning and polarity of a sentence in waliple

the implemented negation tagging mechanism does not lead to significant improvement in the
performance of classifiers (sEgure3). As discussed in Sectidd.2.2 thisstudy reveals that
emojis carry very strong discriminative power in the finance context in spite of their domain
specific pattern of usage. Thus, the existence of emojis in the financial texts has contributed
substantially to classification performanceawever, in the presence of emojis, thegtams

and trigrams retain their significant operformance. However, the feature preparation
process plays a crucial role in the performance of traditional classification methods such as
SVM, as debated in thadrature.

high pearish
3 1 low bullish
2_
sh°"|§>ng
1_
red green
bu
01 | sell y
AW long
—11 short
green
=2 sell red
buy bullish
_3_
bearish
-3 -2 -1 0 1 2 3 4

In general, deep neural networks outperform traditional methods wii#h inprovement in
classification accuracy, depending on the topology and word embeddindsgses4). As
we have discussed previously, LSTM and GRU unexpectedly perform better than CNN,
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although the StockTwits messages are quite short and therefore suitable for CNN to learn local
features. LSTM demonstrates robust &pilo capture londerm discriminative dependencies
without any feature engineering. It is able to focus on the linguistic entities such as emaojis,
negation, and sarcasm to some degree. DespRuific word embeddings produce better DNN
models of investosentiment classification and achieve higher accuracy. The despeaaific

word embeddings have presented a consistent performance in capturing -Goatece
similarities compared with generdbmain word embeddings, as shown by the intrinsic
evaluation rethod. They illustrate this performance through a higher Pearson correlation with
the FinSim score of word pairs, which is indexed by finance experts.

There are a number of methodological limitations that propose new lines for further
investigation. Firstwe testedt -grams, emojis and emoticons, and negation in developing a
valid baseline of traditional investor sentiment classification. The-bated feature
engineering mechanisms will help to capture dorspeecific properties of texts from
StockTwits to some degeeand lead to the development of robust baseline for DNNs in future
studies. Second, we extracted hyparameters of the deep neural networks from related
studies on generglurpose sentiment classification problems. Therefore, the ipgrameter
tuning, which will undoubtedly lead to higher performance, is recommended for DNNSs in the
investor sentiment classification problem. Moreover, the DNNs with more complex topologies
might be considered to see if they can improve accuracy, since they will leakighea
computation cost. Combining CNN with an RNN is another option to boost the classification
accuracy that enables the model to capture both local features artdriondependencies of
complicated texts from StockTwits. Third, the dataset for trgirdomainspecific word
embeddings is limited to unlabeled messages posted on StockTwits with a small corpus size.
Although these word embeddings show outstanding performance in capturing semantic and
syntactic similarities of the finance context, othesongces are available to extract highly
reliable word embeddings that can well represent finance context similarities. Finally, we have
created a query dataset of similar finance words including the limited number of highly
frequent words in StockTwits. Inorder to have a robust intrinsic evaluation method, we
recommend extending the query dataset and includindripsently occurring word pairs.
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Cluster Analysis and Firm Patterns: A New Approach

Son TranMassey University
Jianguo ChenMassey University
Carolyn G.Wirth, Massey University

ABSTRACT
This paper introduces a novel clustering procedure called regression oriangbded k
means clustering (ROWK) to address the heterogergrausp specific coefficients. Moreover,
ROWK employs the regression mean absolwesiduals to inform the cluster analysis
identification of optimal weights of cluster features. Simulation results show that ROWK works
well by (1) placing more (less) weights on relevant (irrelevant) clustering features, (2)
identifying weights of featres by their contributions to not only cluster recognition but also
regression estimation, and (3) reducing the influence of the-oallithearity problem.

Keywords: Cluster analysis, ¥neans, feature weightings, grespecific coefficients, firm
paterns, earnings persistence
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1. Introduction

When conducting regression analysis to forecast and/or test hypotheses, researchers usually
make some assumptions, as in the case oGthessMarkov assumptionNeverthelesslow
predictivepower remains a phenomenon that challenges researgheesonable explanation

stems from the violation of an implicit assumption of regression analysis, i.e. constant
coefficients.Indeed, it is not difficult to find evidence against parameter homogyeihan &

Ng, 2013.

While knowledge of underlying sources breaching thetemisoefficients assumption is well
addressed in existing research, solutions developed in order to infpregasting results are

still restricted to either including these sources into predictive regressions,-tacad
partitioning techniques or in thextreme case, running individual tirseries analyses. For
example, industry classifications are routinely employed by researchers as a standard criterion
for partitioning when running regression analy@sy. Cohen & Zarown, 2008 Hribar &

Collins, 2003.

However, this practice generally leads to imprecise estimates due to the different relations
between the dependent variable and its determinants within each indEairfield,
Whisenant, & Yohn, 2003 Furthermore, Bernard & Skinnet996) find that discretionary
accruals estimates are even less precise in-danies estimates. For those concerns, a
partitioning technique that is able to incorporate several potential partitioning factors, identity
the appropriate number of groups &sign and achieve the smallest witblaster variance is
critical. However, existing studies of earnings forecasts rarely develop such technique
(Richardson, Tuna, & Wysocki, 20110

This paper proposes to address these issues by employing a d&angutechnique,
particularly KKmeans. It is an unsupervised learning procedure that organizes observations into
different clusters such that observations in the same cluster are homogeneous to each other but
are different from those in other groysed & Jain, 2006 Therefore, Kmeans could offer a
potential solution to deal with the problem of heterogeneouspegspecific coefficients

Despite its popularity and successful use in many applicatiomsg#hs still has some
substantial inherent shortcomin@3ian, 200§. The most challenging issue of cluster analysis
relates to the f eat uf Redwesaverdiffatential@bitisto defing we i g
cluster patterns. As a result, strengthening the highly relevant features while lessening the effect

of irrelevant or less important features can be essential to discovering the true cluster
membershigBrusco & Cradit, 200l These issudsave not been sufficiently recognized and
addressed in much of the past reseéediEpure, Kerstens, & Prior, 201llee, Lee, & Wicks,

20049).

This paper addresses this issue of clustering technique by connecting clustering and regression
analysis. We call this regression oriehteeighted kmeans clustering (hereafter, ROWK). It
mitigates the violation of homogeneous coefficients by plaaing into different groups such

that firms in the same group are homogeneous to each other but different from those in other
groups. Furthenore, regression analysis with its mean (absolute) square residuals may

I'n this paper, Afeat uriende nesri ofmM®| uwsetneortiersg af ecaht aurr aecot €
distinguish clusters. For example, sepal length, sepal width, petal length and petal width are features that is used
to classify the welknown Iris dataset of 150 flower speciméAsnorim & Mirkin, 2012).
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potentially provide an external criterion to address the deficienciesré#hs, particularly
with respect to the problem of finding optimal weights.

Using simulated data, this studgpcuments thaROWK successfully mitigates the effect of
highly correlated variables. Specifically, it aims to lower the weights of those dimensions that
are less important and have high witlcinster correlation with relevant features. With the
externalobjective to minimize the mean (absolute) squastdualsof the regression model,
ROWK demonstrates superior performance to identify the correct weights of cluster features.
Irrelevant and random factors are more likely to receive low or zero weigbiseaécuting
ROWK. As a result, the precision cluster membership increases significantly compared to the
standard wweighted kmeans.

This study contributes to both cluster analysis and financial literature in several important
ways. First, to the besf our knowledge, this study is the first to simultaneously address the
issues ofnherent drawbacks of #heans and the constardefficients assumption violation.

Some studies attempt to deal with cluster feature weigl¢irgg Chiang & Mirkin, 201por
heterogeneous grotgpecific coefficients(e.g. Ando & Bai, 201p but they do so
independently. This study proposes combining cluster analysis and regressigsisato
enhance the performance of both optimal weights in clustering and heterogeneous parameters
in regression.

Second, this study develops and introduces a new, standard procedure to conduct ROWK in
order to connect clustering and regression. Ithesdvantage of being easy to understand and
execute using typical data programs such as SAS. Hence ROWK equips researchers with a
powerful tool to enhance regression results whenever there are indications of heterogeneous
coefficients, which are typidgl problematic in financial disciplines.

Third, despite recent efforts to address the issue of heterogeneous parameters, most studies
focus merely on regression side, ignoring underlying reasons for the problem, i.e. cluster
patternge.gAndo & Bai, 2015 Lin & Ng, 2012. To find the optimal weights of clustering
features, the ROWK procedure proposed in this study helps to distinguish those factors that are
essential to identity the cluster pattern. It will provide empiricalltgsiiat shed more light on

why certain features are more important. For example, firm size, is documented in both
theoretical and empirical studies to be an important factor that moderates the relationship
between independent and dependent varidblgooper, Gulen, & Schill, 200&.Fama &
R.French, 1992Samuels, 1965

The remainder of the paper is organized as follows. Section 2 reviews prior literature and
develops testable hypotheses. Section 3 describes the proposed ROWK procedure. Section 4
presents details of a dasanulation. These simulated data are then used to demonstrate the
performance of ROWK in section 5. Conclusions and future work are then discussed in section
6.

2. Literature review

This section gives a brief summary on evidence of different behaviarssagrouping firms

and suggests reasons why cluster analysis emerges as a potential weapon to combat the
heterogeneous coefficients problem.

2.1 Violation of the underlying constantassumption of regression analysis
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Regression models usingcresxcto nal or panel data often take
an assumption. However, it is not difficult to find evidence againstTihese could make

overall regression results invalid. Hence, instability of coefficients over time and/or across firm
groups, low Rsquared irsample estimation and poor eaftsample predictive performance

are likely to be observed when this violation wsc Appropriate partitioning of data is
suggested as an essential solution for addressing this probl®m &yd Penman (198and

Nissim and Penman (2001

Approaches to partitioning data have tended to be simplistic, such as by dividing a whole
sample into different quintiles of certain firm features at which we expect to observerdiffer
relationships. Common patrtitioning variables are: firm size and book to market ratio in the
asset pricing modef{e.g. Fama & French, 1993industry competitiveness in corporate
governancdGiroud & Mueller, 201); earnings volatility(Dichev & Tang, 200§ firm life

cycle (Dickinson, 201}, and business stratedyittle, Little, & Coffee, 2009 in equity
valuation. By dividing data into stkamples, researchers again a deeper understanding of
dynamic relationships between concepts, achieve better estimations, increase predictive power,
and observe better consistency of estimates across time.

However, this approach suffers from two shortcomings. First, it-lsoacand does not take

into account data patterns. Dividing data (firms) into quintiles based on some proposed factors
(e.g. size, market to book ratio, earnings volatility, etc.) without paying attention to the nature
of the firm data is not an optimal sakn. For instance, consider the case where we divide
firms into 5x5 portfolios based on firm size and book to market ratio. If the nature of the data
is such that firms are best clustered into 2x3 groups, then employing 5x5 portfolios will not
provide anoptimal partition. A limit in the number of factors used in the partitioning process

is the second flaw. For example, it is infeasible to split firms by ten potential features using
their, say, quintiles as thresholds to partition the sample. Even if wi&, ¢ois a challenge to
present the results in tabular form.

There is a strand of research mainly in the field of econometrics that delves deeper into the
heterogeneous grotgpecific coefficients issu&oldfeld and Quandt (197 dresent the first

attempt to use threshold variables to form clusters. The threshold variables anenéeters a

linear function of several transition variableés and Ng(2012 develop a similar threshold

method called twsstep Pseudo Threshold approach. Unlike Goldfeld and Quandt (1973), the
threshold variables and their corresponding threshold values are identified totally within the
regression model without knowleglgf the true transition variables. Recently, researchers have
started to recognize the usefulness of cluali&e algorithms to identify clusters. However,
their algorithms, which aim to megqlLim&Nge a r e

11 For more evidence dfissimilar magnitudes in the way key financial ratios predict earningsirsee
Tapia and Tascén Fernandez (20Munes, Serrasqueiro, and Leitao (20Bauman (2014 andDichev and
Tang (2009%.

For reviews of evidence of heterogeneous grepgcific coefficients in panel data, d6a and Ng (2012and
Hsiao and Tahmiscioglu (19R7For evidence of heterogeneous indusipgcific coefficients, seBurnside
(1996, Cohen and Zarowin (2008Hribar and Collins (2002 andAmor-Tapia and Tascén Fernandez (2014

For evidence of intréndustry spillover effects ofapital investment announcemergseChen, Ho, and Shih
(2007). For evidence of heterogeneousustty-specific coefficients, seBurnside (1995 Cohen and Zarowin
(2008, Hribar and Collins (2002 andAmor-Tapia and Tascon Fernandez (20Fbr evidence of intrandustry
spillover effects otapital investment announcemergseChen, Ho, and Shih (207
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2012 or add a penalty terre.g. Ando & Bai, 201} are still merely based on regression
analysis while ignoring the richness of inforneatifrom cluster patterrd.

For the above reasons, a technique that is able to utilize several partitioning features and splits
data (such as firm observations) into meaningful/useful groups could help researchers to gain
new insights into the importaf¢atures that cluster the data, and consequently improve the
performance of statistical tests Clustering, in the form of usupervised classification
assigning objects into unlabeled classes, is such a technique. Aims and shortcomings of cluster
analysisare discussed in the next section.

2.2 Cluster analysis and feature weightings

The aim of cluster analysis is to place observations into different clusters such that observations
in the same cluster are homogeneous to each other but are different from ones in other groups
(Fred & Jain, 200p K-means clustering is the most popular method in the family of centroid
approaches. It is credited with simplicity, low computational resources ancobmHarity

among several clustering methods, and accordingly is employed in this paper as the core
technique to explore firm patterndmong of segmentation studies explored by Dolnicar
(2002), it accounts for 37% (68 out of 184) of all the clusterindnauist usetf.

The ultimate goal of cluster analysis is to discover the true cluster structure. In this regard,
choosing relevant features and deciding upon their weights are critical parts to ensure success
(Brusm & Cradit, 200). A number of variableveighting methods have been proposed and
developed. These methods try to find the most appropriate weighting variables in order to
eliminate the irrelevant variables and consequently strengthen the cluster (Bs1€to &

Cradit, 200). Among the notable variabl@eighting methods applied for-Kieans analysis is
06synt hesi zed c | uDesado, CanrgldClark,randGreeny 18 doudh gn
iterative fitting process, variable weights are generated usingghtedi kmeans procedure.
However, in a study comparing the performance of various vaivedighting methods,
Gnanadesikan, Kettenring, and Tsao ()98% that the Synthesized Clustering procedure is
less effective than simpler methods such as egqeajht scaling, standardization, and range
scaling.

2 An example may clarify this statement. The target of these papers is to assign olrseinaticlusters such
that after running a regression within each cluster, the total square of residuals is minimized. To achi@ve this,
and Ng (2012 propose an algorithm which repeatedly assigns observatiom group g* if "Y"Y'Y
AGCQt®w © ,g=1,@& and® is the estimation ab using coefficients estimated within group g. Now,
suppose there are two groups: Group 1 and group 2. These groups are represented by two regression models:
™ TGO - ando TP TR - accordingly. Let A and B represent two observatiwhich belong to
the same group, such as grouli=1, Xs=1.5, &=1, &=-1. So, even if the estimated AQ pk are correctly
estimated (i.e. 0.3 and 0.5 for group 1 and 2 respectively), according to the algorithm, while A is correctly
identified to goupl, B is not Y'Y'Y p0YYY p& TYYY pOYYY 1@ w This example
illustrates that the performance of grouping methods which merely depend on regression analysis is highly
sensitive to interactions between the sign and ihaam of error terms and discrepancies of coefficients across
clusters. Now cluster analysis shows their power. If observation A and B are close points in the space (as is a
usual case) whose dimensions are partitioning features, this meaningful informgitioe captured by cluster
analysis

B The purpose of clustering is for either understanding (meaningful clusters) or utility (useful ciTstars)
Steinbach, & Kumar, 2005 For the utility purpose, each group (cluster) could be represented by a cluster
prototype. Therthese prototypes could facilitate the subsequent data analysis or data processing technique such
as summarization or compression. In contrast, for understanding, cluster analysis uncovers meaningful groups
whose members share common characteristics. Tdhesters would help us analyze and describe what are the
true structures underlying the data.

1 For interests on Kneans algorithm, se®morim and Mirkin (2012
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A number of variableveighting methods have been proposed and developed. Among the
notable variableveighting methods applied for-khie ans anal ysi s is O0synt
introduced byDesarbo, Carroll, Clark, and Green (128Phrough an iterative fitting process,

variable weights are generated using agived K-means procedure. However, in a study
comparing the performance of various varialvkighting method<snanadesikan, Kettenring,

and Tsao (1995ind that the Synthesized Clustering procedure is less effective than simpler
methods such as equakight scaling, standardization, and raisgaling.

A recent effort on weighted#heans is fromAmorim and Mirkin (2012who introduce the so
called Intelligent Minkowski metric Weighted-Kleans (iMWK-Means, for short). This ia

closed form algorithm which is analogous to thatlaang et al. (2008with an adjustment to

the distance formulae. Particularly, instead of using the Euclidean metric in the criterion, they
utilize the Minkowski metric and sketch out the searching procedure for Minkowski centers as
a process of mimization of a convex function. By simulation, iIMWK is shown to outperform
both K-means and weighted-Keans.

However, there are still important deficiencies of IMWK. First, the criterion used to derive
optimal weights is totally drawn from the clusteritgelf. Put another way, its objective is to

minimize within cluster distances (measured by Minkowski metric) given that the weights are
supposed to be namegative and sum to unify The objective is intuitive, but given that it is
internally-derived,itf ai | s t o define the exponent par amet
parameter is instead useefined before running the clustering procedure. Consequently, an
opti mal b is only i dent i fsupendsedtptoceggumgrim & he s u
Mirkin, 2012).

Second, IMWK only address the problem of noise or irrelevant features, and in their simulated
data, each of the clusteis spherical. Problems associated with elongated clusters or correlated
dimensions are not considered. Finally, optimal weights as estimated by iIMWK do not
necessarily coincide with the weights that best improve the regression analysis. As a result, it
should be regression analysis which provides the ultimate criteria to guide the cluster analysis
and adjust the weights of features, not the internal target of the clustering itself.

In summary, variable weighting is still a challenging issue and pracesss to be refined

further in order to strengthen clustering performance. The next section will discuss our novel
clustering method which is proposed to address problems of regression (i.e. heterogeneous
groupspecific coefficients) and clustering (ifee at ur eds wei ghtings) sim

3. New approach for kmeans: Regression oriented Weighted fnheans
This section presents the econometric framework. Subsequently, a procedure to implement
ROWK is introduced. Then, it proposes hypotheses which will be tested in the next section.

3.1 Models
Leti= 1 , M representing an index of observations. For simplithe paper only considers
the caseofacrossect i on dat a. For panel idaitsa,r enplt ehd enc

15 particularly, it minimizes J8 B B ., A @ 0 A & whereK is number of clusters; set &f

features v, an@ PA are the value of feature v at entity i and centroidsik accordingly.0 denotefeature
wei ghts. The «aeafiped pasamdter fresanting the raterokeffect of the weights on its contribution
to the distance.
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fitd  w his andndex of tim¥. There is a multivariate input data $ethat is represented as
an N x V matrix, whereV are tte number of dimensions of clustering data or the number of
cluster featuress = (xi1, Xi2€ )", i=1,...,N Let 0 representshe true number of clusters
(which is unknown and fixedpenote, h B h as the correspondlng troe clusters with
centersfB M respectively wherex = (Ck1, aeé Gw)", andk = 1 ,0é Let( be the true
number of crossectional units within groub(k= 1 , K)sothath B 0 . The response
variable of thath unit,w is expressed as
® | af - AQ pi8 &1 p

where ¢ is a Px1 vector of explanatory variables andis the unitspecific error|

| Bh and | T BH are P x 1vectors of intercepts and slope
coefficients for uniti respectively. A group effect is modelled by allowing

| sBh ;  and I MR  bePx lvectors of growspecific intercept and
slope coefficients sicthat  andf  equal or closely approximdte and’  respectively

for alli6 s , ifFurther assume that observations exhibit similar characteristics to others
within the same group. Each characteristic is represented by one idimg@aature), i.eXiv.

The following assumptions will be made:{ix 1, has finite fourth moments and
has crossectional and serial independence,-.e. , ‘Qwherel is the identify matrixii)

0<, <& and(iii) - is independent o for allk= 1 , & , Our objective is to estimate
(and| ) without knowing, . This can be achieved by the proposed ROWK procedure.

3.2The Regression oriented Weightedng€ans (ROWK)
The ROWK procedure includes three steps. First, the regression model is identified. Second,
features are selected. Finally, optimal weights are identified.

3.2.1 Specifying the regression model

The regression model is represented as in equation 1. Assamfi), (i), and (iii) above

imply that the model is correctly specified and can be consistently estimated within each true
cluster.

3.2.2 Feature selection

This paper argues that for robust clustering, the selection process should strongly cahnect wi
underlying theory. Features selected as inputs for clustering have to be characteristics that
contribute to the distinct behavior of clustéfetchen & Shook, 1996Furthermore, since the
ROWK procedure aims to place low or zero weights on irrelevant variables, the problem of the
inductive approaches could be mitigafe&or the next part, assume that throughout the feature

16 Note that thehreshold approach is only executed on panel data because it has to run individsalitse
regressionOur framework can apply for bottrosssectional and panel data, so it can be applied in case of
unavailability of individual timeseries.Additionally, it alsoallows for the case that a firnean move to different
clusters overtime.

17We allow for both the intercept and slope coefficients to be gspepifics. For panel data with unobserved

heterogeneity| ( , we can transform the original datdo demeaned data (i.&. ®w -B o anda

& -B & ). Then we have a model with no intercept and only grspecific slope coefficients.

18 Feature selection can be based on two different approdehleancement ohe selection process can be
achieved by the deductive approach which emphasizes a strong link between the selection process and theory,
leading to a priori expectations regarding the employed variables and the nature of the(kleistiees & Shook,

1996. The second approach is an inductive process which does not require any such a priori expectations,
resulting in employment of as many variables as pos¢ifjppeire et al., 2001 The latter approach can cause
problems of irrelevant variables and high dimensionalities.
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selection process, there areluster featuré$. The input variables for the clustering process
will be represented bgnN x V matrix, x = (Xi1, Xi2é 9", i=1,...,N
3.2.3 Optimal weights

Let @s 0 piB o denote the corresponding weight of featur@hen, the weighted K
means clustering attempts to asdigdata points intd disjoint clusters such that the stoft
squares criterion, J, is minimized:
J=B B B . 0 A A& subjectta)d TmHEAQ O p8

wheregis the parameter presenting the rate of effect of the weights on its contribution to the
distanceA3&is a norm. In this paper, the norm is chosen as the Euclidean metrig=®itind

&1l. The main innovation of ROWK is that it does not seek the set of optimal weights
0’ * which minimizes the functiod as in previous research on weightedri€ans.
Instead, it seeks to identify a setff)  pfB fo such that when applying theseights to
K-means clustering, finding clusters, and regressing using equation 1, the absolute sum of the
residuals is minimized:

YOO W s

wherew is the estimation ab. Applying the weights into Kneans implies that features are
rescaled based on the squared root of corresponding weights. For the algorithm to find the
optimal weights, see Appendix A.

To identify the true number of clusters, ile., this paper uses two approaches. The first
approach is an informal approach whgraphs the values of the sum of absolute residuals for
a givenk againstk. Then, the choseki s t he O6knee pointé at whi ch
The second approach is to use the modified BIC criterion as in the wioirkarid Ng (2012
s o . [ . [
oo |1 C ®W W Qupl,ju:; QpUU;
wherewis estimatedo; kis number of cluster® is number of regressors, aNds the

number of observations. The number of clusters with the least modified BIC is chosen.

3.3 Computation time issues

Basically, the ROWK procedure repeatedly runs thméansalgorithm with different sets of
feature weights. Hence, the computation time of this procedure depends on (1) the time to run
each kmeans algorithm, and (2) the number ofrt€ans algorithms to run. The time to run
each kmean algorithm is proportional tbe product of the number of observatioNg &nd

the dimension of the variable spad8.(Adding each features, one by one, and running steps
2.1 to 2.4 drastically could slow down the running time, especially in case of high dimensions.
An alternative ption is to pick all features at the same time and run steps 2.1 to 2.4. However,
while simulation results show that it easily reaches the local optimal, the result is much worse
compared to the approach of adding each feature one by one.

3.4 Hypotheses

19 For simplicity, this paper assumes that after the feature selection process, éfaatlyres are identified.
In real cases, the number of features that are used in clustering tends to greaterQuarassumption is
acceptable and is less harmful than the case of omitting relevant features because ROWK is built to place low or
zero weghts on irrelevant features.

20This paper uses the sum of absolute residuals instehd @ifm of squared residuals to mitigate the effect
of outliers. In simulation results, ihoderatelyimproves the performance of ROWK.
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ROWK procedure employs regression mean absolute (square) residuals as a guide to adjust the
featuresd weights when there exist differe
features to identify clusters. As a result, the weight of a featleet®fts importance not only

to cluster identification, but also to improve the regression analysis. For example, suppose there
is a regression model with five grogpecific coefficients. Among these five clusters, only
regression coefficients in clustérsignificantly differ from those of other clusters. Further
assume that there are five relevant features for clustering) By . Among them,& and

& are more relevant to distinguish the clusters and when running through the weighted K
meansalgorithm, they receive higher weights, say 0 PAT A ho 0 ho ho
Additionally, while & provides relevant information to distinguish between cluster 1 and the
rest of other four clustersp helps to distinguish between all des, except cluster 1. It turns

out that ROWK will put more weight od than @ because its objective is to minimize the
sum of absolute (squared) residuals. This i
goal is to improve regression resuhsough clustering.

Hypothesis: When features have different degree of contribution to cluster
identification and regression estimation, ROWK outperforms generime#ns (both
standardized and ustandardized) with regard to precision of cluster recdgnitand
regression estimation. The mechanisms underlying the outperformance of ROWK are through
these channels. Specifically, ROWK:

i, Places more (less) weights on more (less) relevant features.

ii, Reduces the influence of the nualtillinearity problemby reducing the weights of
irrelevant features which are highly correlated with relevant features.

i, In the ROWK context, relevance is captured not only by contribution to cluster
recognition but also by regression estimation.

4. Simulation
To test poposed hypotheses, different sets of simulated parameters are used, and are described
immediately before the results in the next section. The set of parameters ificludes
- N: number of observations; : number of members of cluster ;: number of
cluster;P: number of independent variabl&s;number of features;
-/ : extent of differences between cluster 1 and other clusters;
-, p-level of density of clustdewith regard to feature. It depends on two parameters,
i.e.0  and—
- B wé U hp Pphdg pMB Fox within covariance matrix of features.
This is assumed to be the same across clusters;
- 0 R piB hw: weights of clustering featureB; 0 p;
- Qpx 0 mh, 5 M pMB M: independent variables;
- @& 1Q : groupspecific intercept and slope coefficients of regression models
respectively;
- - :unit-specific error.

5. Performance of the proposed ROWK in simulated data

Three simulated cases is used to test part i), ii), and iii) of the Hypothesis. Each case is created
to shed light on channels leading to the outperformance of ROWK as compareddaris.

Case 1 includes a simple set of simulated data with uncorrelatiedlde. Case 2 employs the
same data as Case 1, but with correlated f

21 See Appendix B for descriptisrand formulae of simulated parameters
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weights come from two sources, i.e. contributions to cluster recognition and to regression
estimations.

For clustering validationhis paper uses the purity index, a measure of precision of assigning
entities to clusters. From this section onwa
true cluster. Lett AT @\ equal the number of clusters identified through clusesind the

number of true clusters (classes), respectively. Ajso, is denoted as the probability that a

member of clustetbelongs to clas$, 1 a ja ,andn is the probability that
a member of clas®) belongs to alster’Qasr a ja&a ,whered (& )is the
number of entities in clustéfclass)) anda is the number of entities of clust&@an class

Q. Then, the purity index of clas®) and all classes are calculated gs
i A@ and) 6i Q0B —n ,respectively.

For each set of parameters, 100 simulated data samm@egenerated. Then-tReans with
unstandardized features is run using these 100 samples. The average of class purities and mean
squared residuals (MSE) are calculdtedi-tests are used to test for significant differences of
means.

5.1Case 1l

Panel A ofTable 1 displays simulated parameters for Case 1. There are 5000 observations
which belong to five classes. Each class has 1000 members. There are four fegtures, X
i =1, ¢é,4 and a NGl)adhcmis usedras aa iorélexant(clustering featomwe
simplicity, only X3 has more weights relative to others. For the regression model, there are two
independent variables, Z2nd % which are also features of clustering, i.e=2X1 and 2 = X..

Z1 and 2% satisfy assumptions in section 2.3.1.

PanelB of Table 1 presents descriptive statistics of clustering features for Case 1. Standard
deviations of the four features are similar ranging from 1.49 $doX.74 for %. Panel C of

Table 1 exhibits the wholsample (lower triangle) and within class dpper triangle)
correlation matrix of clustering features. While, all pairs of features, as expected, display no
significant correlation within class 1, there are significant correlations (five out of six pairs of
correlations) between features for the Yehgample.

[Insert Table 1 here]

The first step of the ROWK procedure relates to ranking feature based on regression MSEs
calculated by running #neans only for each feature. The results of feature ranking®&t10

are presented in Figure’d Asexpected, X has lowest MSEs (0.837), and accordingly ranks
first. Noticeably, %, which is generated as a clustering feature, has a lower rankinthéh

Xs, a random feature (ranket4Panel A of Table 2 presents the results of ROWK™&tK.0

for each number of features. Panel B of Table 2 exhibits the optimal weights at different
numbers of clusters. Using modified BICs (not reported) and the graph in Figure 2, the optimal
number of clusters is found to be five. Accordingly, the resulted optire@his are (X Xo,

X3, Xa, Xs5) = (1.05, 1.1, 2.145, 1.2, 0). Hence, using ROWK procedure, the most important
feature (i.e. %) receives the highest weight. In contrast, the irrelevant (random) feajure X

22For the sake of conciseness, only the mean squared residuals are presented when testing the hypotheses. The
findings remain unchanged when the mean absolute residuals is used.
23 Assume that the possible maximum nembf clusters is 10.
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receives no weight after running ROWK. This evidestpports parts i) of the hypothesis
which posit that the mechanisms underlying the outperformance of ROWK are through placing
more (less) weights on more (less) relevant features.

[Insert Figure 1, Table 2 and Figure 2 here]

Panel A of Table 3 compaehe performance of ROWK relative other methods. When using
optimal weights, the MAE is significantly lower (0.8224) compared to methods using-whole
sample regression (0.9513), standardizeché&ans (0.8455) and unstandardizedn&ans
(0.8399). With respedo class purity, 71.3% of members are correctly assigned. In contrast
when using typical standardizedrfeans, only 50.8% members are correctly assigned. For
robustness, 100 simulated data are generated with the same set of parametersmidaers K

is run using the optimal weights found in Case 1, and the averages are calculated. Panel B
presents the performance of ROWK for the 100aftgample data. Consistent with the in
sample results, the performance of ROWK is superior as compared to other methods.

[Insert Table 3 here]

5.2 Case 2

Next, simulated data are generated with the same set of simulated parameters as in Case 1 with
an exception that features are witltiass correlated. Recall that in Case 41hXs the second

highest weight (i.e. 1.2)n Case 2, Xis generated to be strongly positively correlated with

X3, the most relevant feature. Panel A of Table 4 documents the simulated parameters which
are basically identical to those of Case 1. The difference between Case 2 and Case 1 is apparent
in Panel B. The withirtlass 1 correlation betweers 4nd X is highly positive (=0.537),

while other withinclass correlations are still insignificantly different from zero.

[Insert Table 4 here]

Given the high correlation between, Xhe mosimportant feature, and4Xit is expected that
when running Kmeans using Xalone, the MSE will be lower than that of Case 1. Figure 3
supports this statement (i.e. 0.929 vs. 0.925 for Case 1 and Case 2, respetCabéyb
exhibits the optimal weight®r each different number of clustet$sing both modified BICs

and the graph (not reported) the optimal number of clusters is again found to be five.
Accordingly, the resulting optimal weights arei(X2, X3, Xs, Xs5) = (1.5, 0.6, 2.64, 0.277, 0).
Recallin the Case 1 set of optimal weights, ROWK assigns the second highest weight (1.2) to
Xa. In Case 2, however,sXs strongly correlated with 3(so ROWK addresses this problem to
mitigate the effect of multicollinearity by lessening the weight of X4QiL277). This evidence

is consistent with pait) of the Hypothesis which states that ROWK reduces the influence of
the multicollinearity problem by reducing the weights of irrelevant features which are highly
correlated with relevant features.

[InsertFigure 3 and Table 5 here]

The performance of ROWK (not reported here) relative to other methods is similar to. Case 1
Using optimal weights, MAE is significantly lower (0.828) than those of whkalaple
regression (0.9513), standardizedrt€ans (0.862) and unstandardizedhkans (0.86). Note

that relative to the case of uncorrelated features, the performancenwals (both
standardized and unstandardized), is significantly worse when features are correlated. These
findings are consistent with the argument thamiEans does not address the problem of
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multicollinearity. In contrast, the performance of ROWK is unimpaiweth or without
multicollinearity. For example, the difference in MAE between Case 1 and Case 2 is only
0.006, and statistically is no different from zero. Results fromobgample data remain
unchanged.

5.3 Case 3

For Case 3, some adjustments of sirredgarameters are made as followsisgenerated to

be a highly relevant feat ur esigsonulatesl oprguide z e c |
rich information to distinguish membership of other classes. Clustering features are generated

to be uncaerlated. The regression coefficients far ate also adjusted to correctly reflect

relative positions between clas¥e#nlike Case 1 and 2, in Case 3aAd Z are not set to be

clustering features.

Figure 4 presents the results of the feature ranking™®=10. Given X is created as the
relevant feature to identify class 1 (i.e.as the most outstanding class), when rurmeank

for each individual feature, has the lowest MSE (0.894), and accordingly ranks first.
Although X4 is generated to coriliute to cluster recognition in the same degreesag kKanks

second. This is due to the fact that its contribution only recognizes classes other than class 1;
hence it does not help to reduce MAE as muchaiois.

[Insert Figure 4 here]

Table 6 preents the optimal weights for each different number of clusters. Using modified
BICs (not reported) and the graph in Figure 5, the optimal number of clusters is identified as
four. Accordingly, the resulting optimal weights are;, (X2, X3, Xa, Xs) = (0.28%, 0, 0.556,

0.47, 0). Consistent with paii) of the Hypothesis, ROWK assigns a higher weightith&n

toXs The optimal weights that minimize a regt
to cluster identification, but also to improving theneggion analysis. As a robustness check
(untabulated), 100 simulated samples are created with the same set of parameters and the MAEs
are calculated for two sets of weights: one with the above set of optimal weights (0.285, 0,
0.556, 0.47, 0) and the otheith equal weights of Xand X (0.285, 0, 0.556, 0.556, 0). The

results show that the average MSE for the optimal set of weights is significant lower than the
set with equal Xand X weights. The performances of ROWK (untabulated) relative to other
mettods are similar to Case 1 and Case 2.

[Insert Figure 5 and Table 6 here]

6. Conclusion and future work

This paper proposes a novel clustering procedure that connects clustering and regression
analysis in order to address problems of feature weightings associatedmwéhr§ andssues

of regression estimations with groegpecific coefficients The newregression oriented

weighted kmeans (ROWK)rocedure employs regression mean absolute (square) residuals

to guide the adjustment of the featuresd we
contribution of clustering features to identify clusters.

Simulation results demonstrate that proposed method successfully mitigates the effect of highly
correlated variabl es. I n addition, features
contributions to not only cluster recognition but also regression egirmda&tonsequently,

“See Appendix C for detail of distances in classesb®
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ROWK correctly place more weight on more relevant features and lower weight on less
relevant features. More importantly, the results from clustering can successfully be used to
resolve the problem of heterogeneous grspecific coefficents in regression estimations,
leading to lower MSE and consistent coefficient estimates.

The problem of heterogeneous grespecific coefficients in regression estimations is well
documented in finance reseaitin & Ng, 2012. Given the superior performance of ROWK
as demonstrated above, future finance research may benefithiecapplication of the ROWK
procedure whenever there are suspicions that regression coefficients arsggaitip. Some
potential applications of ROWK in finance are proposed as follows.

Research efforts to develop a robust approach to measureféroydie stages are sparse and
constrained to simple identiti¢Bickinson, 201). For examplefirms falling into the same
phase of life cycle are likely to have the same age amd Isence these are common proxies
for life cycle. Dickinson (2011) further employs cash flow patternsdagypfor firm life cycle.

This paper conjectures thatms exhibit some similarities as they evolve across their life
cycles. Moreover, regressiortiesations relating to earnings forecasts based on firm life cycles
exhibit groupspecific coefficients. Therefore, cluster analysis, and specifically ROWK may
be a potential solution to identify the stages wifirim life cycles.

Discretionary accrualssémates could also be improved by the use of ROWK. Researchers
typically estimate discretionary accruals by running a regression adigoretionary accruals
within each industry. However, this practice generally leads to imprecise estimates due to the
different relations between the dependent variable and its determinants within each industry
(Fairfield et al.,, 2008 Therefore, ROWK can be used to combine the model of non
discretionary accruals and weighteeméans to identify clusters where the coefficients in the
regression model are homogeneous.
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Figure 2: Results of ROWK at different number of clusters
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Table 1: Descriptive statistics of clustering features (case 1)

- Regression model:
Gy hag £h BRME h (equation5)
where) . ands,_are 2 x 1 vectors of heterogeneity grespecific intercepts and slope coefficients for unit i respectiv
gxd podko efe E(the identity matrix) and-e df» g candsg 8. Forall k=1,.5. Eact
classhas 1000 observationd g

- Clustersd membership:
There are 4 featureb,fo 8 h and a random variabtex 4 R 48 Ja ‘B o BH wheredy

denotes the center of cldsmeasured by feature v8x 4 Mg, whereQgr, Ogmg.op —'—, ko oF AR

d
o . -F L - where -F is distance between class i and cIaQ .0 Where'r’=

denotes the distance between classiand C|aSSj as measured byfeatteandZ=Xz.

Panel A: Simulated parameters

N=50004 g 8 h,P=2,v=5 §
Cgmg.  8Nogm ho 5/ 8hg 8 3
D e hIJK‘;rL 8 hn h”m;,t 8 h”m;,t 8 h”Ks,L 3 mKHL
Panel B: Summary statistics of clustering features

Mean Std Skewness 1% Pg(r)(;znules 99%
X1 0.2317 1.5167 -0.0416 3.7233 0.2366 -3.3355
X2 0.4127 1.4939 -0.0715 3.8130 0.4445 -3.1268
X3 -0.1668 1.7429 0.4557 3.6322 -0.5002 -3.1200
X4 0.2100 1.5855 0.0622 4.0103 0.1836 -3.3534
X5 0.0044 1.0160 -0.0255 2.3451 0.0202 -2.2985

Panel C: Correlation matrix

Theupper triangle displays correlations within class 1(N=1000), and the lower triangle displays correlations for wr
sample (N=5000)Correlations with 1% significant level is bolded.

X1 X2 X3 X4 X5
X1 1.0000 -0.0632 -0.0327 0.0381 0.0522
X2 -0.0070 1.0000 0.01993 -0.0095 0.0123
X3 -0.0766 0.1703 1.0000 -0.0316 0.0083
X4 0.0380 0.0893 0.3372 1.0000 0.0183
X5 0.0097 0.0042 0.0008 -0.0003 1.0000
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Table 2 Optimal weights by ROWK proceduresCasel

Panel A: ROWK resultsat®=10 f or each number of features

No. of featuregj) MAE X1 X2 X3 X4 X5
1 0.8375 0 0 1 0 0
2 0.8323 0 0 1.8 1 0
3 0.8238 1.2 0 1.8 1 0
4 0.8208 1.2 0 1.8 1 0.0741
5 0.8201 1.2 0.5 1.6364 1 0

Panel B: ROWK results at each number of cluktér , k=1, ¢é, 10

N“mbe(r °kf %'”)Sters MAE X1 X2 X3 X4 X5
1 0.9513 X X X X X
2 0.8803 1.4 0 1.1 1 0
3 0.8302 1.3 0.5 2.22 1.1 0
4 0.8254 1.2 1.3 1.9 1.1 0
5 0.8223 1.05 1.1 2.145 1.2 0
6 0.8239 0.91 0.533 1.76 0.867 0
7 0.8228 0.91 0.167 1.76 0.867 0
8 0.8227 1.365 0.12 1.76 0.867 0
9 0.8228 1.365 0.12 1.467 0.867 0
10 0.8201 1.2 0.5 1.64 1 0
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Table 3 Performance of ROWK (case 1)
AiDi fo denotes differences of MAE bet ween a Tdestsareaused to test fmean differancesParidy dénbtes the p
version 1 overall purity index. Var Y denotes total variance of dependent variables. R_sq denotes the index of mo@dl-MB&svar Y). vs.ideal = (MAEI
MAE gea)/ (MAE whoie MAEigea). *, **, *** denote significance at 10%, 5% and 1%, respectively.

Panel A: In-sample (N=5000)

MAE Dif X1 X2 X3 X4 X5 Purity MSE Var Y R_sq vs. ideal

Ideal 0.7837 - - - - - - 1.000 0.962 55.53 0.00
Whole 0.9513 0.1289*** 1 1 1 1 1 0.200 1.494 30.91 100.00
Optimal 0.8224 0.0000 1.05 1.1 2.145 1.2 0 0.713 1.074 2.1626 50.35 23.04
Stand_Kmeans 0.8455 0.0232*** 1 1 1 1 1 0.508 1.160 46.37 36.87
Unstand_Kmeans 0.8399 0.0176*** 1 1 1 1 1 0.586 1.135 47.51 33.53
Panel B: Out-of-sample (N=5000,100 outof-sample simulations)

MAE Dif X1 X2 X3 X4 X5 Purity MSE Var Y R sq vs. ideal
Ideal 0.7842 - - - - - - 1.000 0.963 54.42 0.00
Whole 0.9416 0.1233*** 1 1 1 1 1 0.200 1.454 31.19 100.00
Optimal 0.8183 0.0000 1.05 1.1 2.145 1.2 0 0.720 1.068 2.1124 49.44 21.63
Stand_kmeans 0.8490 0.0307*** 1 1 1 1 1 0.518 1.175 44.35 41.16
Unstand_Kmeans 0.8389 0.0206*** 1 1 1 1 1 0.621 1.139 46.08 34.72
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Table 4: Descriptive statistics of clustering features (case 2)
Regressiomodel and clustersé®é members are generate
that thewithin-class correlation matrix is not the identity matrix. See panel C Table 8 for details of the
correlation matrix.

Panel A: Simulated parameters

N=50004g M@ f8hH,P=2,v=5
O Bhogm, . ho v/ 8hg 8
o  Po., 8@ AR,  hs, 8, 8, 8hs,

PanelB: Correlation matrix

The upper triangle displays correlations within class 1(N=1000), and the lower triangle displays correlations for wi
sample (N=5000)Correlations with 1% significant level is bolded.

X1 X2 X3 X4 X5
X1 0.0397 -0.0327 0.0137 0.0522
X2 0.0794 0.0166 0.0047 0.0177
X3 -0.0766 0.1700 0.5366 0.0083
X4 0.0285 0.0743 0.5464 0.0201
X5 0.0097 0.0060 0.0008 -0.0082

Table 5 Optimal weights by ROWK proceduresCase2

ROWK results at each number of clusdteb |, k=1, é, 10

N“mbe(r ?(f %'“)Sters MAE X1 X2 X3 X4 X5
1 0.9513 1 1 1 1 1
2 0.8912 1.4 0.85 1.1 0.8265 0
3 0.8369 1.5 0.7692 2.5385 0.6666 0
4 0.8313 1.3 0.8 2.64 0.2439 0
5 0.8283 1.5 0.6 2.64 0.277 0
6 0.8259 0.95 0.9 1.958 0.1058 0
7 0.8283 1.575 0 2.299 0.1736 0
8 0.8281 0.4 0 1 0.5218 0
9 0.8258 0.75 0 2 1 0
10 0.8244 0.9091 0.1786 2.47 1.2727 0
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Table 6. Optimal weights by ROWK proceduresCase 3
The regression model and cl ust er s Gimolaet pacameatersare
presented as follows:.
N=5000,0 p @& prMB h, P=2,V=5
Op  ™IOF by T®OR T/ /TG P¥

| =17 . T®, T . p, 1 . T, 1 . g, T . ng,T . T

ROWK results at each number of <cluster k 6, k =

N“mbe(r ‘I’(f %'“)Sters MAE X1 X2 X3 X4 X5
1 1.1400 1 1 1 1 1
2 0.9583 3.619 0 3.3 1.468 0
3 0.8658 0.7 0 1.3 1.1 0
4 0.8557 0.285 0 0.556 0.470 0
5 0.8555 0.542 0 1 0.733 0
6 0.8570 0.95 0 1.5 1 0
7 0.8575 0.75 0 0.917 0.588 0
8 0.8572 0.714 0 1.061 1 0
9 0.8566 0.75 0 2.073 1 0
10 0.8570 0.7 0 2.1 1 0
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Appendix

Appendix A: The algorithm for finding optimal weights

Letv represents thenumber of clusters used during the clustering progess, is
the suspected maximum number of clusters,,afdQ pHB ) s the clustek identified
during the clustering process. Optimal weights of clustering features ianatesk through the

following algorithm:
For each number of clustevs= 1 , 0é , , run:

Step 1: Ranking features.

- Step 1.1: For each featuig, v pHB f(Q prB ),
A Run K-means with only one featuréy, get , i 8 h
A Run aregression of equation 1 for eachiQ pf8 i) , and calculate
the sum of the absolute residual¥o ‘O B 0 ws
- Step 1.2: Rank features based on SAE. The first ranking is the feature having
the lowest SAE and vice versa. Without losgeherality, assumey;
I OePQhE 1 hecQ, &r 1 OEOQ

Step 2: Finding optimal weights. For the ordered list of clustering
features Oy B fdy . LetO*;  p. Repeat foj= 2 , &,

- Step2 1: PICk the flrstfeatues from the list, i.ed, é®;setd =
0;0 =0%; @&;=0" 7;05 0% p.RunKmeans with this set
of0 ) pfB hw. Save the clusters h B R then run the equation 1

regression for each cluster, and citeithe sum of the absolute residual,
denoted by'Y0 ‘O

- Step 2.2: Run Kmeans withh =07 ;0 =0%; & ;=0" ;0 UF.
Save the clusters h B h  and then run the equation 1 regression for
each cluster, andatculate the sum of the absolute residual, denoté¥ &yO
Step 2.3: Denot¥ as the minimum percentage change of weightsYSet
p Tt PRepeatfor=1 ,jé ,

A Fix all weights exceph,, (0 h0  phB h@b ¢ I/ . Seto,
O p Y @iy, Uk p ¥.RunKmeans with these sets of
weights; save sets of clustgrsh F8 h . Run the regression in
equation 1 for each set of clusters, and calculate correspddaifsg
denoted byY0o Oji.

Step 2.4:
A If min Y8 @"Y0 OfDh pMB NQI YO Qlets the weights
corresponding to the lowest SAE a@re;i8 ho ;, update) “;
0 s R 0. Then return to step 2.2.
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A If min "YO @"Yd OjDh pMB Q="Yd Qhen repeat step 2.3, but
replaceYAUzyN cMip mn
1 Ifatl |~ ¢Ip mthatmin YO ©"Yd O Dh
ph8 hQI "Yd QOstopat | ” . Let the weights corresponding
to the lowest SAE bé ;8 I  , and updaté “;

0 B R 0. Then return to step 2.2.
1 If min "Y6 @"Y6 OjDh pMB RQ ="Yo Jor alll
¢M8 Ip m,then:
o If "Y6 O "Yb°Qupdate)’ 0 xMB ho g
o
o If YO O "YO0‘Qupdate)

At the end of this algorithm, for eaéf{(Q pf8 F) ), a set of optimal weights is
identified 0 ‘4B ho i along with the corresponding set of clustefdB h * .

Appendix B: Descriptions and formulae of simulated parameters

Symbol Descriptions ] Formulae
o cluster centre by featurev
Q the distance between the cente . .
of clusteri and the center of Q AR
clusterj
/ extent of differences between Q /'Q RQ¢ d o p
clusterl and other clusters
W cluster ko0s mel &y O T Lf pr00h,
. B the degree of density of cluster ) —
measured by feature N N -
0 g the degree density of clustemeasured by feature
— the mean squared distances between members of a &ltsies center

Appendix C: Distances between cl assesbo
Appendix C
Di stances between classesd cent e

Class 1 2 3 4 5

1 X

2 3.856 X

3 2.864 2.906 X

4 3.655 0.694 2.919 X

5 2.305 2.035 1.680 2.192 X
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How markets will drive the transition to a low carbon economy
Jianl &glacHdHany of Business and Econdeni cNdew Mac
South Wales, Australia

Mar tina K. ,Racnunletnyl uoefc kBeusi ness and Economics
Rd e, New South Wales, Australia

Zheyao (,JFearcruyl)t yPaonf Business and Econemics,

New South Walaes, Austra
Tom SkFachl ty of Business and Economics, Mac
South Wales, Australia
ABSTRACT
This paper makes the case that markets will now drive the transition to a low carbon economy,
especially those with favorablen st i t ut i onal settings. Her e,

creati ond tlewel df Amalysie umap ouy different pathways for cleantech
development within a real options framework and offer a corresponding valuation of cleantech
patents. Resultfrom our analysis suggest a significant potential for the development of
cleantech patents, particularly if their development and commercialization pathways can be
fostered through a supporting institutional environment that promotes innovation and low
cabon development through carbon pricing policies as well as colavey public R&D
expenditure and human capital. Our estimates of total wealth creation through the development
of cleantech patents range from US$10.16 to US$15.49 trillion dollars wéktment growth

from US$2.93 to US$3.71 trillion. The paper concludes by outlining implications for firms and
policy, and offers suggestions for future research.

Keywords: Low carbon economy; Transition; Clean technology; Patents; Commercialization
Markes.
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1. Introduction

Scientists have long been concerned with the level and rate of global environmental change
caused by human activity. Recent scientific findings show that there is an urgency to undertake
immediate action to either slow down or reverse adverse trends loal gltales. One key
framework, referred to as Aplanetary boundar
in Earth system processes which should not be transgressed if we want to sustain human life
on the planetRockstrom et al., 2009; Steffen et al., 2018)e nine boundaries concern upper

limits for climate change, ocean acidification, stratospheric ozone depletion, biochemical flows
(e.g., nitrogen and phosphorus), atmospheric aerosol loading, freshwater ussstend

change, biosphere integrity and novel entities (e.g., rplastics or otherypes of pollution).

These boundaries are seen as interlinked, such that if one boundary is transgressed, safe levels
for other processes could also be under serious risk. Four boundaries (climate change,
biosphere integrity, biogeochemical flows, and lagdtem change) have already been
exceeded. The rate of global environmental change and resulting environmental and social
impacts have led to calls for a rapid transition to atanbon economy and the decarbonization

of carbonintensive sectors (such amergy, transportation) through immediate action and
investments in cleaner products and processes on massive’scales.

Investments in the development and uptake of new technology are typically fraught with
uncertainty. This uncertainty stems from undertat y about the technol
success, but also from political uncertainty. However, in the case of clean technology
development, commentators are now observing a heightened level of international policy
action on climate change, and a confluenfgeolicy, business and grassroots support for a low

carbon economy(Linnenluecke, Meath, Rekker, Sidhu, & Smith, 2015) T h e AnPar.i
Agreement o, negotiated in December 2015 by 1
Convention on Climate Change (UNFCCC), sentearctignal to international markets that a
technological transformation with possible breakthroughs in clean technology and related areas
such as bioand geesequestration is likely. This global policy action coincides with policy and
technological develuments that are taking place on national levels. Several kigivigloped

countries (e.g., Germany) have adopted expansionist strategies, making significant investments

in R&D and cleantech to foster technological innovat{glaassen, Miketa, Larsen, &
Sundqvist, 2005) Studies now show a growing number of firms producing cleante
inventions, leading to a rapid growth in cleantech pat@&udyk, Owens, Volpe, & Ondhowe,

2015)

This paper makes the case that markets will now drive the transition to a low carbon economy,
especilly those with favorable institutional settings. Previous work on technological
breakthroughg which has largely followed the work of Schumpef(@934; 1942)i has
portrayed innovationrastpoodesasds oofPavii,ti e @t @a
1986) Creative destruction has been conceptualized as a process of compestrmgng

i nnovation t hr oug hvatiemsibg éntregreheusat firrpst make eexXisting n n o
products, processes or business models obsdekeistensen, 1997)while creative

25 For the climate change boundary, Rockstrom and colleagues suggest boundary values of 350 parts per
million CO; (a measure of the concentration of 4@the atmosphere) and 1 W?2rta measure of the radiative
forcing or i mbalance in the Earthoés e-mdustriplyleveisudget i
respectively. Since current levels of £i@ the atmosphere are already at over 400 ppm, this approach indicates
that the continued use of fossil fuel reserves places society at great risks.
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accumulation allows incumbent firms to develop competemtgncing innovations based on

existing knowledgéBergek, Berggren, Magnusson, & Hobday, 2013; Tushman & Anderson,

1986) Waves of discontinuous technological change have occurretebafsectors such as
transportation, telecommunication and biotechnoldgy each | eading to the
industries and the rise of new ori8enge & Carstedt, 200I)uch academic workas focused

on understanding the actors and mechanisms behind these shifts from old to new regimes and
has mapped the trajectories of entrepreneurial and incumbent firms, institutions as well as
stakeholderge.g., Kastoff, Boylan, & Simons, 2004; Rothaermel, 2001; Walsh, 20040 Pat h
dependenced has emer ged arefgrrimgtothesssue thatocecagnpt i n
technologies become dominant, locking society into the adoption of certain development
pathways over othefg.g., Liebowitz & Margolis, 1995)he issue can be illustrated using the

fossil fueldriven energy system as an examipline systen has remained dominant despite

known environmental externalities and eostnpetitive alternativegUnruh, 2000) Clean
technol ogies such as solar or wind face the
of critical mass to become cesbmpetitive) while prevailing technologiese still dominant

(Dijk & Yarime, 2010)

By looking at the role of market activity, the paper answers théacdlirther research on the

role of cumulative investments to achieve a transition to aclanlvon economye.g., Busch,

Bauer, & Orlitzky, 2016) Estimates suggest that significant cumulative investments in energy
supply and energy efficiency are required over the next decades to bring about a transition to a
low-carbon future, and range from US$48 trillion to US$53 drill{International Energy
Agency, 2014)Here, we extendtheot i on of o6 pat h -kvelohanadlyssnd t o
to map out different pathways for cleantech development within a real options framework and
offer a corresponding valuation of cleantech patents. Our aim is to provide both a conceptual
frameworkand empirical assessment of how corporate patenting activity is leading to value
creation. Real Options theory is a powerful tool for quantifying investment outcomes and
investment risCopeland & Weiner, 1990and is an extension of standard financial agpta
methods. Options theory was originally developed in the 1970s for valuing financial options
(Black & Scholes, 1973; Merton, 1978&eal Options theory is an extension of Options theory
and is primarily usd to value flexibility and strategic optio(Brennan & Schwartz, 1985;
McDonald & Siegel, 1986; McDonald & Siegel, 1985; Titman, 1985} particularly useful

in the context of this research, as it supports policy analysis and provides insights into how
policy decisions relate to investment behavior and strategic decidtyth et al., 2007;
Trigeorgis & Reuer, 2017)

The paper is structured as follows. First, we offer a literature review onrpsearch on the
transition to a low carbon economy. Next, we outline our method which covers (1) a Real
Options framework to map out pathways for cleantech development and to offer a
corresponding valuation of cleantech patents; and (2) a panel regnebtstbnexamines the
impact of countrylevel economic variables (real GDP, market return, and turnover) and
countrylevel institutional variables on patent intensity. For purposes of the Real Options

26 Other historical technological breakthroughs are (1) railroads, (2) electricity, (3) autom@bilelio, (5)
microelectronics, (6) personal computers, (7) biotechnology, é)dthe Internet. See Harrison Hong, Jose
Scheinkman, Wei XionAdvi sor s and asset pri ces: Jodnanobrihancialof t he
Economics 89 (2008) 26887.

49



=

Asia-Pacific Applied Economics Association Conference Proceedings

APAEA The 4" Applied Financial ModellingConference Melbourne Australia, 2018

framework, we use a decisitree approach with one stager year. We begin our analysis

from the present and extend the time horizon until 2050; populating the Real Options
framework with data from a patent dataset of 286,924 granted cleantech patents spanning 85
countries. Cleantech is now a fagbwing patet class, pointing to a significant potential to
create the next technological breakthrough. Our analysis estimates that the total wealth created
by the development of cleantech patents ranges from US$10.16 to US$15.49 trillion dollars
and will involve anadditional investment stimulus to the economy from US$2.93 to US$3.71
trillion; however, this wealth creation also comes with a significant amount of investment
requirements and investment risk. For purposes of the panel regression, we draw on insights
from institutional theory to discuss how factors such as carbon pricing policies (in the form of

a carbon tax or Emission Trading Scheme) and well as coel@viel/public R&D expenditure

and human capital create key national parameters that support howahtech revolution

will unfold.?” We discuss how the Real Options framework applies differently to settings with
good institutional support, and offer a valuation under a different (more favorable) institutional
setting compared to our initial analysis. Taper concludes by outlining implications for firms

and policy, and offer suggestions for future research.

2. Transitioning to a Low Carbon Economy: Literature Review

Supporting research on the transition to a-takbon economy has been undertaken from a
number of disciplinary perspectives. In the organization and management field, researchers
have analyzed the costs and strategic benefits of firms implementing oitigatategies
(either on a voluntary basis or in response to regulatory requirements such as a carbon pricing
policy) and concluded that competitive benefits result for those firms that can successfully
innovate and translate mitigation efforts into a pefitive advantage. The organization and
management literature has also offered significant contributions for understanding innovation
processe¢e.g., Cohen & Levinthal, B®), life-cycles(e.g., Audretsch & Feldman, 199%énd
discontinuous technological chan@eg., Tushman & Anderson, 198&) firm and industry

levels. The foundations for many innovation studies can be traced back to Schiyffster

1942 s work on how technol ogi cal innovation d
di scontinuous technologi cal change disrupts
destructiono. These processes awsn Silcethel | | ust

industrial revolution, this industry underwent a phase of rapid growth driven by the exploitation
of finite fossil fuel resources. This phase has been followed by a long conservation stage, during
which adaptive change has focused on d®yeb existing technology and increasing
efficiency. However, there are now growing signals that fossil fuels will not remain the
standard for energy generation due to environmental concerns, resource limits and rapid
developments in alternative technoleg)i

Related work on transitions to legarbon energy systems has been undertaken in a number of
disciplinary areas, for example, in the areas of energy transitions, governance and social
change. In the area of energy transitions, an eftéoulated pespective is that the degrading

state of the environment creates an imperative to alter how society creates and utilizes energy
(Araujo, 2014) Given the urgency with which the transition would need to take ptaavoid

further environmental degradation as well as the scale of the undertaking, the literature has
focused on analyzing how different national and regional systems of innovation (i.e., networks

27 Due to data availability, our panel regression includes 32 out of the 85 countries included in the patent
dataset.
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of government, industry and other actors) can fostedéwelopment, diffusion and uptake of
clean technologieée.g., Tan, 2010and allow countries to embark on transitions to a-low
carbon economy. Cases that have received much interest include the rapidciitnodf
natural gas in the Netherlands and the UK as a replacement for coal @rettoang & Geels,

2007; Winskel, 2002)More recently, researchad also focused extensively on the German
OEnergi ewende6 ( Ger nfidake, Fischer, emgleausg & Wetckerdbnock,i t i o r
2015) the strong position ofvind power in the Danish electricity mark@lunksgaard &
Morthorst, 2008) as well as the pioneering use of bioenergy in Finland and Sweden,
hydrodectricity in Norway and geothermal energy in Icelgi@bvacool, 2017)Extensive
research has also focused on analyzing the feasibility and market potential of various
technologiegAshina, Fujino, Masuiihara, & Hibino, 2012; Elliston, Diesendorf, & MacGill,
2012; Geels, Berkhout, & van Vuuren, 2016)

In the area of governance and social change, planning for transitions (also referred to as
Otransitions managemento6) refers topmeantgovern
Transitions manageme(d.g., Kemp, Loorbach, & Rotmans, 2007; Loorbach, 2010; Loorbach

& Rotmans, 2006; Rotmans & Loorbach, 20@8sumes that societies are characterized by
complex governance structures, that isdbwersity, heterogeneity, uncertainties about future
developments and consequently a limited possibility for the government alone to induce long
term change. Transitions management focuses on the analysis of different actors and on the
complexity of relabnships between them to understand how {tamm sustainability and a
transition to a lowcarbon society can be achieved. Transitions management identifies four
types of governance activities relevant to societal transitions: strategic, tactical, opératio

and reflexive activitiegLoorbach, 2010)Strategic (or longterm) activitiesnclude processes

of vision development driving the development trajectories of a commaiaityical (or mid

term) activitiesinclude steering activities such as supporting institutions, programs, funding
opportunities, regulations and infrastructure commitments, but also actors who can help to
shape transition agendas and coaliti@dgerational (shordterm) activitiesinclude secalled
experiments these are innovative projects carried out in business and industry, in politics and
in civil society to reach short term goals within five years. Las#ffexive activitiesnclude
monitoring, assessments and evaluation of the ongoingjgmland ongoing societal change.

In this reflexive type of governance the role of science is important as to provide deep analysis
of the processes and dynamics, and to translate it into the respective dheadzesh, 2010)

Policy action can either support the existing technology base (i.e., reinforce the dominance of
existing fossil fuel technologies), or facilitate its renewal (i.e., an expansion in cleantech).
Research on the transition to a loarbon econom has extensively discussed the role of
institutional factors (as opposed to fulevel capabilities and competencies) in fostering
cleantech and low carbon developméptg., AguileraCaracuel & Ortizde-Mandojana, 2013;

Burer & Wistenhagen, 20Q9)Vhile there immple evidence that firms are important primary
actors for driving the cleantech revolution, the role of a supporting institutional environment is
regarded as equally important to promote innovation and-chmon development.
Institutional theory holddhiat systems of private and public institutions as well as surrounding
organizations shape innovation outcomes through both formal and informal structures
(Hoskisson, Eden, Lau, & Wright, 2000Formal structures include formal regulatory and
administrative mechanisms, including policies (e.g., carbon taxes, emissions trading schemes),
regulations, laws and codes of cond(Miarcus & AragorCorrea, 2011which can either
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foster or hinder sustainable development. Informal structures include societal and cultural
mechanisms such as norms, values or established ways of operating that organizations and
individuals adhere t¢Bruton, Ahlstrom, & Li, 2010; Scott, 1987Yaken together, these
strands of thought indicate that transitions to a-tanbon future will be driven by mieet

interest, but also by an enabling institutional environment. We consequently factor in variables
such as carbon pricing and carbon taxes and well as cdanéfypublic R&D expenditure into

our analysis in the following sections.

3. Method

Part 17 Real Options Framework

The first part of the analysis builds on a Real Options framework to map out pathways for
cleantech development and to offer a corresponding valuation of cleantech patents.
Historically, valuation is rooted in the idea of the timaueabf money. The idea is centered on
Fisherdos (1930) book AThe Theor y adoflartbdayt er e st
is worth more than a dollar tomorrow. To value any asset, the information needed comprises
the assetodos caeskent|l ows ueand the pssetds cash
the sum of the present values. This approach can be used to find the value of any asset including
mortgages, stocks, and borida fact all financing alternatives facing the firand invement

proposals. The Net Present Value (NPV) rule indicates whether a particular investment
opportunity is value adding. NPV is calculated as the difference in the present value of cash
flows and investment costs. The NPV rule is the basis of other wieshtly appearing in the

popular press, such as Economic Value Added (EVA), Value Based Management, Economic
Profit and Cost Benefit analysiBiversification is a second key idea, based on the works of
Markowitz (1952)and Sharpe (1964)and helps determirtee return that an investor should

require for any asset, which can be expressed as Required Return = Risk Free Rate + Beta
[Market Risk Premiumllt is this required return that is used in calculatinggméesalues under

the time value of money idea.

One problem in applying net present value analysis to real options is that the possible cash
flows and associated probabilities are difficult and complex to specify. NPV daegesinto
account the timingf the investment, the uncertainty surrounding the future cash flows from
the investment, and the possibility that an investment might be abandoned (i.e., cleantech
patents may not be successfih).many traditional type companies (sometimes called Brick
and Mortar companies) the use of discounted cash flows does a reasonable job in
approximating value. This is because for these companies there is little flexibility and hence
the real option value is low. However, under different circumstances, the Ni?daah is not
sufficient to recognize the value of the options (i.e., business opportunities) created through an
investment. In any technology sector, the majority of value is thought to come from real option
value (Schwartz & Moon, 2000)Clean technology patents are therefore a case for the
application of real options. There are many embedded options involved, including the option
to abandon and the option to expand. If a patent shows up as a failure at an early stage, further
investmeng can be abandoned. This effectively truncates losses to the amount of funds spent
until this point. If the patent is successful, there is an option to inject further funds and apply
for approval for the commercial retlut of the technology. Finally, whethe firm goes to
market there is an option to curtail production at an early stage if the new technology proves to
be a commercial failure. The optimal use of each of these options effectively truncates the
down side exposure and maximizes the up sidesgai
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One valuation approach is to apply existing option pricing models, such as theSBlzalks

option pricing model(Black & Scholes, 1973)However, there are several problems in
applying exising option pricing models to real options. Contrary to model requirements, the
present value of the project, the required outlay and the time left before the investment decision
must be made may not be certain for the real options. The required outléyeande left

before the investment decision must be made will vary according to the actions of the firm's
competitors. Real options may not be proprietary; that is, the firm may not be the only one able
to exercise the option, such as the developmentiafocomputers. One approach to valuing

real options is the use of simulatigS6chwartz & Moon, 2000)The value of the asset
underlying the option is varied and its impact on the value of the project asfttetermined,

where the operations of the project are varied as if the firm optimally utilized managerial
flexibility. The resultant range represents the value added by the embedded real options.
Another approach to valuing real options (used in thiepap decisiortree analysis which

helps to overcome the problems of both simple net present value analysis and the difficulties
in applying the option pricing models to real optig@®peland & Weiner, 1990; Kellogg &
Charnes, 2000)The application of decisietnee analysis to the valuation of biotechnology is
illustrated inKellogg and Charnes (20Q0)

The diagram below shows the embedded options that exist in companies with realogtions

side). The existence of abandonment options mean that the distribution of cash flows is
truncated on the down side. The presence of expansion options means that the distribution of
cash flows is magnified on the up side. In more traditional compé@eit side), there is a full
distribution of cash flows, both on the up side and on the down side. The difference in cash
flows we see with traditional firms and clean technology firms is very similar to the difference

in cash flows we see with stocks damptions. The discounted cash flow method is
fundamentally flawed when applied to companies in which there are embedded real options,
and might even result in a value of zékallogg & Charnes, 200).

Figure 1: Valuing options
cash

good flow
news

good abandon
news cash good bad
flow news news
cash band
flow abandon
good bad
news
invest news
——
cash good bad
flow news news
cash invest abandon

bad flow bad
news news

Here, we use the decisitree approach detailed above to value cleantech patent development.
The aim of the analysis is to determine an aggregate measure of the growth in wealth from the
clean technology breakthrough and in addition to derive an estmafiahe required
investment to achieve that result. Using estimates by the US Congress (1998nhdrahd

Jensen (2016x typical patent development valuation involves a deciseaas follows:
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Figure 2: Decisiontree approach to map pathways for cleantech development
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Part 27 Panel Regression

The second part of the analysis offers a panel regression which examines the impact of country
level economicvariables feal GDP, market return and turnove) and countryievel
institutional variables on patent intensity. While there have been much research on the
determinants of innovation, there is considerably less known about the drivers of cleantech
innovatias. In this section, our objective is to determine the economic and institutional factors
driving the crossountry cleantech innovation activities. The following 32 courftfiase
included in this analysis: Australia, Austria, Belgium, Brazil, Canadana;hbenmark,
Finland, France, Germany, Greece, Hungary, India, Indonesia, Ireland, Israel, Japan, Korea,
Mexico, Netherlands, New Zealand, Norway, Poland, Portugal, Russia, South Africa, Spain,
Sweden, Switzerland, Turkey, United Kingdom, and United Stafbe data set is an
unbalanced panel from 1996 to 2010.

We measure the dependent varialplatent intensity by dividing the number of cleantech
patents by population. We include the logarithm of this variable in our regression analysis to
ensure a mor@ormal distribution. The countigvel economic variables included in the
analysis areeal GDP, market returnandturnover. The countrylevel institutional variables
include R&D intensityR&D), a carbon pricing policy variabl€arbonET$to reflect whéher

a country has imposed a carbon tax or emission trading scheme (ETS), an antidirector rights
index @d_right9 which measures shareholder protect{@ankov, La Porta, Lopede
Silanes, & Shleifer, 2008and a measure for human capital. The literature has long recognized
human capital as an engine of innovat{erg., Benhabib & Spiegel, 2005; Subramaniam &
Youndt, 2005) Following Barro and Lee (2013mong others, we measure humezapital in

the country level as the average years of schoolirgg §ch of males and females above 15
years old. To control for worldwide factors, we first control for the oil pod¢ &nd its squared

28 Due to data availability, our panel regression includes 32 out of the 85 countries included in the patent
dataset
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term ©il.sqg), because oil price developmentegarded as a key drivers of cleantech innovation
activity (see e.g., Cumming, Henriques, & Sadorsky, 2016; Popp, 288@9nd, we use a time
dummy to count for overllorld-wide macroeconomic dynamics (the oil price and its squared
term are not included in this estimation as both measures would be correlated with the time
dummy). Third, given that cleantech patent activity has significant geographic features (see
alsothe descriptive statistics below), we also include a contiftezd effect for cleantech
patent activities. Table 1 introduces the definitions and data sources of these variables. We
present summary statistics for the variables further below in thésesgtion.

Table 1: Variable definitions and data sources
Variable Definition Data source
patent Number of granted cleantech patents divic PATSTAT database
intensity by the population
real GDP  Natural logarithm of GDP, PPP (constant 2( World Bank Developmen

international $) per capita Indicators,
seehttp://data.worldbank.or
market S&P Global Equity Indices (annual % chan¢ World Bank Developmen
return Indicators
turnover Natural logarithm of stock market turnover World Bank Developmen
listed compaies (% of GDP) Indicators
R&D Percentage of RD expenditure scaled by G World Bank Developmen
Indicators

CarbonETS Carbon pricing policy variable; it equals to C Kossoy et al. (2015)
there is no carbon pricing scheme (i.e.
carbon tax or aremission trading schem
ETS) in a certain country in a certain year, ¢
equals to 1 otherwise

ad_rights The number of shareholder protecti Djankov et al. (2008)
mechanisms based on a country's laws

yr_sch Average years of schooling of males g Barro and Lee (2013)see
females above 15 years of age alsohttp://barrolee.com
oil Natural logarithm of real 2010 oil prices. Re BP  Statistical Review of

oil prices are calculated as Brent spot pri World Energy (2016)
(3US) deflated by US CPI
oil.sq Squared natural logarithm of real oil prices BP Statistical Review o0
World Energy (2016)

4. Data Sources

We use data from the Worldwide Patent Statistical Database (PATSTAT) maintained by the
European Patent Office (EPO) to construct our patent variables. PATSTAT offers a
comprehensive coverage of patent applications worldwide from 1850 onwards; filed iy publ
and private firms through 94 regional, national and international patent offices. Previous
studieg(e.g., Gao & Zhang, 2016; Moshirian, Tian, Zhang, & Zhang, 2883t that the data
quality of PATSTAT is comparadb to other databases widely used in the innovation literature,
such as the UBased National Bureau of Economic Research (NBER) Patent and Citation
database. However, compared to the NBER patent database, PATSTAT has a much wider
coverage since the formenly records patent filings to the US Patent Office (USPTO).
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Therefore, the NBER database may underestimate the innovationsdEniinms, especially

for firms in emerging countries which typically do not file patent applications to the USPTO
(Chang, McLean, Zhang, & Zhang, 2018) addition, the NBER database ended on 2006
while the PATSTAT database keeps recording granted patents and patent applications.

Our sample period ranges from 1980 to 2010, covering 85 countries. While we do have data
available up to 2017, wdecided to truncate the sample period up to 2010 as there are
significant reporting lags in patent databa&ao & Zzhang, 2016)We use the International
Patent Classification (IPC) provided by World Intellectual Property Organization (WIPO) to
identify the classification of patents. The IPC for cleantech is obtained from the WIPO IPC
Green Inventory? and we includebio-fuels, fuel cells, hydro energy, wind energy, solar
energy, geothermal energy, integrated gasification combined cycle, energy from manmade
waste, and o6other use of heatdé for cleantech
section), we otain patents from other industries. We use the IPC codes for biotech and
pharmaceuticals fromdarhoff and Reitzig (2004and the IPC codes for robotics fréfaisner,

Raffo, and WunsciVincent (2015)*°

5. Results: Descriptive Statistics

To obtain overall statistics about the dispersion of cleantech patents and the worlalwede v

of their commercialization, we compile a list of all patent grants worldwide (based on our
sample of 85 countries) and then compare their growth over time, also in comparison to other
industries (biotech, pharmaceuticals, and robotics) (see Figure 2).

The left column in Figure 2 shows the total number of patent applications and granted patents
for cleantech, biotech, pharmaceuticals and robotics from 1980 to 2010. Pharmaceutical patents
have the highest level of applications and grants (a total b8 585 applications and 954,470
grants), followed by biotech (a total of 880,234 applications and 429,651 grants) and cleantech
(a total of 514,307 applications and 286,924 grants). Robotics has the lowest level of
applications and grants (a total of 55/98pplications and 31,369 grants). To compare the
growth rates of these four groups of patents, we rescale the patent numbers. For each group,
we set up an index of 100 in 1980, and then keep the same growth rate to the actual patent
number. The right camn shows the patent index for both applications and grants.

To show a more recent trend of patent growth, we plot the number and index of patent
applications and grants from 1990 to 2010 in Figure 3.

29Seehttp://www.wipo.int/classifications/ipc/en/est/

30 The biotech patents codes are IPC C07G, C12M, C12N, C12P, C12Q, C12R, and C12S. The
pharmaceuticals patent codes are IPC A61K, excluding the subclass AgKiist of robotics patent codes are:
B25J 9/16, B25J 9/20, B25J 9/0003, B25J 11/0005, B25J 11/0015, B60W 30, B60W2030, Y10S 901, GO5D
1/0088,G05D 1/02, GO5D 1/03, G05D2201/0207, and GO5D 2201/0212.
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Figure 2: Worldwide patents 1980 to 2010
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Figure 3: Worldwide Patents 1990 to 2010
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From the right column of Figure 3, it is evident that cleantech has the highest growth rate, both
in terms of applications and grants, especially in the most recent period from 2005 to 2010. It
is not surprisinghat biotech also maintains an overall high growth rate since biotechnology
has been one of the previous technological breakthro(lgisg, Scheikman, & Xiong,

2008) However, it is decreasing in the most recent period from 2005 to 2010. This result
suggests that cleantech is now a-fastwing patent class, pointing to significant potential to
create the next technological breakthrough.

Figure 4 shows the cleantech patent distribution in several major countries/regions, including
the United States (US), China (CN), Japan (JP), Australia and New Zealand (AU/NZ), Africa
and South America (Africa/SAmerica), and Europe. The figure showsh#ratadre both high
levels and high growth rates of cleantech patents in the US, China and Japan.

Figure 4: Cleantech patent distributions by geography
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In addition, Figure 5 plots the cleantech patent distribution by categories. Cleantech patents
can ke divided into following categories: biofuel (liquid), biofuel (solid), fuel cells, geothermal,
hydro, integrated gasification combined cycle, manmade waste, solar energy, wind energy and
other use of heat. From the figure, we can see that biofuel, flselsmar energy, and wind
energy experience a fast growing in the sample period.
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Figure 5: Cleantech Patent distribution by categories
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6. Results of the DecisiofiTree Analysis

Using the decisioftiree above, we provide a valuation of cleantech pateeiaigment and the
corresponding required investment (see also Table 2). Data stems from our dataset of 286,924
granted cleantech patents spanning 85 countries described above. Detailed calculations and the
R code for the analysis are shown in the appeNdexassume 4 cycles of patent development
from now (2017) to 2050, and provide results for both a 100% penetration of the energy market
and 66% penetration as follows. The result for 100% market penetration is a total wealth
increase of US$15.490 trilliohis estimate is similar to estimates by external sources (i.e.,
the International Energy Agency, the International Renewable Energy Agency and Bloomberg)
which use different modelling approaches and conclude that the wealth increase is about US$19
trillion3! In terms of investment, our results show an investment of US$0.259 trillion up front
and over time US$2.023 trillion for a total of US$2.282 trillion. For the other 99% of patents
that do not see further development, we assume an associated expehtig$6.005 billion

($5 million) each which gives an investment amount of US$1.422 trillion for a total investment

of US$3.704 trillion. In comparison the International Energy Agency, the International
Renewable Energy Agency and Bloomberg which puts theimeestment figure at US$29

trillion. For the case of renewables being 66% of the total energy market we find that the wealth
creation is US$10.157 trillion and the total new investment is US$2.923 trillion (Table 2).

Table 2: Results of the decisior ee analysis

Penetration 100% 66%
US$BIllion US$BIllion

Wealth Created 15,490 10,159
Investment initial 259.2 170
Investment contd. 2023 1327
Total Investment 2282 1497
99% of patents not developed 1422 1426
Total 3,704 2,923

31 International Energy Agency and International RenewdBhergy Agency, 2017, Perspectives for the
Energy Transition: Investment needs for a low carbon energy system. OECD/IEA and IRENA
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7. Results of the Panel Regression for Institutional Factors

Table 3 provides summary statistics for the institutional factors included in our analysis. The
patent intensity is, on average, 7.5 cleantech patents per one mpdbpie. Countries invest

on average 1.722% of GDP on R&D and 37.6% of observations in the dataset have a carbon
tax or emission trading scheme.

Table 3: Summary statistics
Panel A: Mean and Standard Deviation

Variable Mean St. Dev. Pctl(25) Median Pctl(75)
patent intensity  7.551 12.727 0.973 2.632 8.002
real GDP (US$) 9.927 0.822 9.449 10.179 10.504
market return (%) 13.173 35.521 -10.287 14.970 31.005
turnover 4.193 0.739 3.722 4.226 4.666
R&D (%) 1.722 0.835 0.987 1.715 2.377
CarbonETS 0.376 0.485 0 0 1

ad rights 3.422 1.040 2.500 3.500 4.000
yr sch 10.036 1.574 8.910 10.260 11.190
oil 3.764 0.505 3.404 3.586 4.255
oil.sa 14.421 3.817 11.590 12.859 18.105

Panel B: Correlation Table

patent real ~market turnover R&D CarbonETS ad_rights yr_sch oil oil.sq

Variable intensity GDP return (%)

patent intensity
real GDP (US$) 0.42
market return (%) -0.08 -0.15

turnover 0.24 0.27 -0.24

R&D (%) 0.57 0.59 -0.06 0.43

CarbonETS 0.01 0.04 -0.04 0.05 0.04

ad rights 0.11 0.18 -0.01 -0.14 0.02 -0.15

yr sch 0.61 0.59 -0.10 0.32 0.46 0.23 0.06

oil -0.09 0.15 -0.15 0.21 -0.02 0.37 -0.08 0.19
oil.sa -0.10 0.15 -0.16 0.22 -0.02 0.38 -0.08 0.19

We present the estimation results of our paegtession in Table 4. Column (1) controls the
continent dummy, while column (2) controls both the continent dummy and year dummy. In
Column (1), the estimated coefficient for the oil prio#)(is positive and significant while the
estimated coefficienfior squared oil pricegfl.sg) is negative and significant, indicating a U

shaped relation between cleantech innovation activity and the oil price. This finding is
consistent with Cumming et al.o6s (2016) st uc
this U-shape pattern is that higher energy prices initially encourage more renewable energy
innovations to substitute for fossil fue{®opp, 2002) However, when the energy price
continues to increase, it creates a strong incentive for incumbent firmpléot digher cost

oil deposits which were economically infeasible with low energy prices. The estimates for

R&D are both statistically significant in Column (1) and Column (2). In terms of economic
significance, a onstandard deviation increase of R&D wd give rise to 2.6% increase in
cleantech patents. Unl i ke ot her technol ogi es
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defined property rights for environment al
governmen{Demstz, 1970) Consistent with economic theory and the fact that government
funding is the primary source for the early development of cleantech innoy@tionming et

al., 2016) our results highlight the prominent role of government R&D policy in driving the

cleantech innovation.

Table 4: Determinants of cleantech patent activities

Notes: This table reports coefficients of regressions of colengl factors on cleantech patents. The dependent
variable patent intensityis the natural logarithm of (number of granted cleantech patents divided by the
population). The independent varied are defined as followR&D is the percentage of R&D expenditure scaled

by GDP;CarbonETSs a dummy variable which equals 0 if there is no carbon tax or emission trading scheme,
and 1 otherwiseil is the natural logarithm of the oil priceil.sqis the squared natural logarithm of the real oil
price;real GDPis the natural logarithm of GDP per capitarnoveris the natural logarithm of the stock market
turnover of listed companies (% of GDRY_rightsis the number of shareholder protection naetisms based

on a country's lawsgjr_schis average years of schooling of males and females above 15 years of age. We report
the tstatistics in parentheses. ***, ** and * denote significance at the 1%, 5% and 10% level, respectively.

Dependentvariable:

patent intensity

(D (2)
R&D 0.371" 0.347"
(3.932) (3.580)
CarbonETS 0.518" 0.545"
(3.848) (3.915)
oil 4.037"
(2.521)
oil sa -0.616™
(-2.860)
real GDP 0.196 0.232
(1.689) (1.925)
turnover -0.013 -0.048
(-0.159) (-0.557)
market return -0.002 0.00001
(-1.544) (0.004)
ad rights 0.082 0.073
(1.456) (1.285)
yr sch 0.107" 0.110
(2.265) (2.278)
Trend -0.007
(-0.258)
Constant -21.984" -15.672"
(-6.894) (-16.762)
Continent dummy Yes Yes
Year dummy Yes
Observations 429 429
R? 0.767 0.771
Adiusted R 0.759 0.754
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The CarbonETS variable is positive and statistically significant. On average, countries with a
carbon pricing policy (carbon tax or emissions trading scheme) have a cleantech patent ratio
that is 4.2% higher than that for countries without a carbon pnomfigy. Examining the level

of schooling as a proxy for human capital, we find strong evidence that human capital plays a
positive role in driving the cleantech innovations. A standard deviation increase in years of
schooling increases cleantech patents bl . 3 %. We also find that
positively related to the cleantech patents. This is consistent with previous findings in the
innovation literature which indicate that wealthier countries innovate (wwshirian etal.,

2015) The shareholder protection measwé (right9 is positive but not significant, which

could be due to the control variable for continental fixed effects. The effects of market return
and turnover are both insignificant. Overall, our ressiiggest that institutional factors such

as carbon pricing policies as well as coustewel public R&D expenditure and human capital

are key parameters that support cleantech development and create a supporting institutional
environment to promote innovah and lowcarbon development.

8. Modifications to the DecisionTree Analysis for Different Institutional
Environments

To show the effect of institutional factors on the above valuation approach we show another
version of the decisiotree (see Figure 6) isn environment with more favorable institutional
conditions going forward. The parameters in the analysis are the same in the following
decisiontree except that the probability of approval is now 50% and investment in working
capital at the commencemeant commercialization is now 14% in this more favorable
environment?

Figure 6: Modified decisiontree

High State
Commercialization
and diffusion
7yrs 20%

Market development
and further approval
2yrs

50% Low State
Patent development
phase

5yrs 60%

Abandon

Abandon

The wealth created is now US$15.976 trillion in the 100% renewable scenario and US$10.556
trillion in the 66% renewable scenario. This is a marked increase from the less institutionally

32 Since the probability of approval is higher in this case, it will take fewer patents to make 100% of the market
at 2% fawrable penetration. We change the total number of patents to 280 (100%) and 185 (66%) in this scenario.
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favorable scenario. Investment is now much less at US$2.611 triflidmei66% renewable
scenario and US$3.215 trillion in the 100% renewable case.

Table 5: Results of the modified decisiottree analysis

Penetration 100% 66%
US$Billion US$BiIllion

Wealth Created 15,976 10,556
Investment initial 112 74
Investment contd. 1674 1106
Total Investment 1786 1180
99% of patents not developed 1429 1431
Total 3,215 2,611

9. Discussion and Future Research Directions

The rate of global environmental change egglilting environmental and social impacts make

a rapid transition to a lowarbon economy an immediate priority. This paper has argued that
markets will now drive the transition to a low carbon economy, especially those with
favourable institutional settgs. By looking at the role of market activity, the paper answers
the call for further research on the role of cumulative investments to achieve a transition to a
low-carboneconomy n particul ar, we have bu(e¢.,tDijkupon t
& Yarime, 2010)on the countryjevel of analysis to map out different pathways for cleantech
development within a real options framework (specifically a decisa®), and have offered a
corresponding valuation of the development of cleantech patents. We have supgdeiment
analysis by also examining the impact of cowtéwyel economic variables (real GDP, market
return and turnover) and courdigvel institutional variables on patent intensity. Results from
this analysis suggest an enormous potential for cleantatdntp, particularly if their
development and commercialization pathways can be fostered through a supporting
institutional environment that promotes innovation and-¢anbon development.

The aim of our analysis was to provide both a conceptual framesmdrkmpirical assessment

of how corporate patenting activity is leading to value creation. To do so we drew upon Real
Options theory which has a long history in the economics and finance disciplines as the basis
for mathematical models to value optidesg., Black & Scholes, 197.3Real Options have

also been discussed in strategic management research; however, here the concept has mostly
been used for purposestbioretical reasoning to think about various opportunities open for
firms and industriegTrigeorgis & Reuer, 2017)in this paper, we have expanded the Real
Options concept to map out futucommercialization pathways for cleantech patents on a
country level, also including an explicit attempt at valuing the commercialization of clean tech
patents. Whiletransformations to a low carbon society are certainly complex and involve
economic, soal and technological change on many ledlarnheim et al., 2015)prior
research has demonstrated the importance of patenting activity for achiegaighrough
innovationgPhene, FladmagLindquist, & Marsh, 2006and for creating wealth, growth and
prosperity The Real Options approach in this paper supports pal@tysis and provides
insights into how policy decisions relate to investment behavior and strategic de(@syoms

et al., 2007; Trigeorgis & Reuer, 2017)
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Our results show greater patent activity in contexts characterized by more stringent carbon
policies (in form of carbon taxes or emissions trading schemes), as well as greater investments
into countrylevel public R&D and higher human capital. These results are consistent with
AguileraCaracuel and Ortide-Mandojana (2013) who use an institutional approach and we
find that green innovative firms are located in areas with stronger environmental cegulati
While environmental policies can introduce additional costs for firms to do bugngsdaffe,
Peterson, Portney, & Stavins, 199%8) more stringent regulatory environment is seen as
conducive to the development of environmentally friendly technologies, as it\effgdorces

firms to innovat€Porter & Van der Linde, 1995Freater investments into courtgwel public

R&D and higher human capital are certainly correlated with other development indicators, but
create nonetheks favourable conditions to support societal transititwsrbach, 2010;
Loorbach & Rotmans, 2006jHoweverseveral trillion dollars of new investment are going to

be needed to drive the transition to a low carbon economy and to further develop and
commercialize cleantech patents. Gunalysis of the potential for wealth creation through the
development of cleantech patents should therefore not just be interpreted as oppamtynity
case, as the opportunities created have also extreme investmentrisksaseline scenario,

the chance of technical success 60%, approval 21.5% and high market penetration 20% for an
overall chance of high market penetration of 0.0258 and this is only for the quarter of one
percent of patents that make it to further@epment at each phase. Taking this additional
probability into account means that the success rate for a sample patent that is very close to
zero. In addition to the extremely low risk of success, the investment cost is very high.

Our findings have shown that, for 66% clean energy penetration by 2050, there is a US$170
billion up-front investment at the beginning of the discovery stage and a further US$1.327
trillion investment at the beginning of the 7 year commercialization stdgeform and the
source of this investment funding may well be an interesting topic for further study. Will future
investment be primarily equilyased because of the high risks of R&D development and the
sometimes slow progress to positive cash flowsw@llr debt be the primary financing
mechanism so that the patent developers maintain full ownership of their proprietary
intellectual capital? In addition, future research can focus on comparing and contrasting the
transition to cleantech in countries thave been at the forefront of policy and practical
implementation of clean technology (e.g., Denmark, Germany) with a country such as Australia
which has largely delayed implementation of cleantech while at the same time extracting and
profiting from fosd fuels.

Future studies can also offer updated information regarding the stages in the desgsam
further information becomes available about future development pathways, and can thereby
refine the stages and probabilities of our analysis. Anaifienue for future research is to
verify findings from previous technological breakthroughs. The proliferation of the Internet
has shown how breakthrough innovations can lead to a boom and bust cycle (referred to as the
so-called dot.com crisis). It may ehefore be interesting to study whether cleantech will go
through a similar cycleHong et al. (2008provide a model of the boom and bust cycles
surrounding technological breakthroughs that can be used for this analysis. Finally, further
studies can examine even more fully the effect of institutional factors on cleantech development
and the transition to a cleantech powered econ@umming et al. (2016)rovide an analysis

of venture capital financing of cleantech investments and this work could be extended to
include equity, debt and hgid security fundraising.
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Cleantech is now a fagirowing patent class, showing signs of becoming the next technological
breakthrough. Our analysis above has estimated that the total wealth created by the
development of cleantech patents ranges from U3$10 US$15.49 trillion dollars and will
involve an additional investment stimulus to the economy from US$2.93 to US$3.71 trillion;
however, it is clear that this wealth creation also comes with a significant amount of investment
requirements and investmerisk. The question is what polieyakers and decisiemakers

can do in the face of such extreme investment risk. One possibility is a phased investment
approach where the US$170 billion-frpnt investment is spread over the 5 years of the
discovery proess with the opportunity to abandon if the project is not showing sufficient
progress. Similarly, the additional investment at commercialization could be phased so that the
full roll out does not occur in the first year, giving management a chance tbdesiarket

before the full investment is made. Our projections show that there are vast sums of money to
be made by investment in cleantech. Estimates of wealth creation of between US$10.16 to
US$15.49 trillion mean that there are enormous opportuniidsuiness to create wealth and
drive GDP for decades to come. Governments, policy makers and grass root support has got us
to this stage in history, it is now business that will drive the transition to a cleantech future.

Appendix A

Energy Data

We first estimate the world market in energy. Energy as a percentage of GDP varies by country
with for example the US having energy at 8% of GDP. We estimate the global average at 4%
of GDP and factoring in world GDP at US$74.152 trilfirwhich gives us a watlmarket of
US$2.966 trillion.

We estimate the number of cleantech patents worldwide from-2@80 to be 286,924. Out

of these patents only a small number will go to the development %tatje. assume
conservatively that only 1% get developed and thiathhppens in 4 waves between now
(2017 and 2050). We assume a high state at commercialisation of 2% market penetration with
a probability of 20% and a low state penetration of 1% with an 80% probability. Production,
marketing and general costs are as shbalow. Upfront investment costs are US$0.05 billion

and an additional outlay of 17% of revenue is required at the commercialisation. Thus there are
two phases of investment: First, at the discovery phase, and second, at the commercialisation
phase. Discont rates are assumed to be the government bond rate of 1% at discovery and
approval and a risk adjusted rate of 9% at commercialisation.

33 http://data.worldbank.org/indicator/NY.GDP.MKTP.CD
34 See a related report &ittps://www.forbes.com/sites/danielfisher/2014/06/18/13633/#6413d1c36flc
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Appendix Table 1

Costs % of
Production 25.5% pa
Marketing 20% pa
General 10% pa
additional
Workina capital 17% incremental
Tax rate 0.3

USS$BiIllion
Initial outlav 0.05
Revenue US$Billion
World Enerav Market 2966

Market share

Hiah 0.02
Low 0.01
Hiah market share probability 0.2

Discount rate

Develobment 0.01
Approval 0.01
Commercialisation 0.09

The development of 1% of patents in 4 waves at the probabilities given by the d&eision
would yield an expected 100% renewable energy market. The developntsfo of patents
in 4 waves would yield a 66% market coverage. We provide results for both:

Appendix Table 2

Penetration 100% 66%
US$BiIllion US$Billion

Wealth Created 15,490 10,159
Investment initial 259.2 170
investment contd. 2023 1327
Total Invest 2282 1497

99% not developed 1422 1426
Total 3,704 2,923

Using the real option decisigdree model with the above parameters yields a value of each
patent of US$5.98 billion. We assume 4 cycles of patent development from now till 2050 (ie

.25% 648 now and 648 repeated every 7 years) for a total wealth increase of US$15.490 trillion.

In terms of investment our results show an investment of US$0.259 trillion up front and over

time US$2.023 trillion for a total of US$2.282 trillion. Forthe@r 99 % of patents
get developed we assume an associated expenditure of US$0.005 Billion ($5 mil) each which
gives an investment amount of US$1.422 trillion for a total investment of US$3.704 trillion.
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For 66% penetration of the energy market tigures are the second column above. For the
case of renewables being 66% of the total energy market we find that the wealth improvement
would be US$10.159 trillion and the total investment will be US$2.923 trillion.

To show the effect of institution&hctors on these valuations we show another version of the
decisiontree in a country/environment with more favourable institutional conditions.
Everything is the same in the following decisibee except that the probability of approval is
now 50% andnivestment in working capital at the commencement of commercialisation is now
14% in this more favourable environment. The wealth added and required investment now
changes to:

Appendix Table 3

Penetration 100% 66%
US$BIllion US$Billion

Wealth Created 15,976 10,556

Investment initial 112 74

investment contd. 1674 1106

Total Invest 1786 1180

99% not developed 1429 1431

Total 3,215 2,611
Appendix B
R-Code
##R code for real options valuation using the decitiea method##
#HAssumptions##
c_pr=0.255 ##cost of production (% of revenue)##
c_mkt=0.2 ##cost of marketing (% of revenue)##
c_gen=0.1 ##general cost (% of revenue)##
y rd=5 ##life of R&D stage##
y_ap=2 ##life of approval##
y_com=7 ##life of commercialisation##
p_rd=0.6 ##probability of R&D success##
p_ap=0.215 ##probability of Approval##
p_hs=0.2 ##probability ofmtdiglet share##
d_rd=0.01 ##discount rate of development##
d _ap=0.01 ##discount rate of approval##
d com=0.0 ##discount rate of commercialisation#
t=0.3 ##Htax rate##
wc=0.17 ##working capital (% of revenue)##
inv=0.1 ##initial investment outlay (in
billions)##
rev=2966 ##current world energy market value
(4% of

world gdp, in billions)##

s _h=0.02 ## market share in high stage##
s _1=0.01 ## market share in low stage##
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n_pat1=648 nundler of patents (100% penetration
case)

##developed##
n_pat2=425 ##number of patents (66#tipane
case)

##developed##
nt_pat=286924 #number of total patents##
inv_nd=0.005 ##investment for noxeveloped
patents##
n_wave=4 ##number of patent development
wavesH#

##cash flow in year 8 of (year 1 cdmmerialisation)##
cash8_h=s_h*(rev*(_prc_mktc_gen)*(kt)-rev*wc) ##cash flow in high market share
stage#

cash8_|=s_I*(rev*(ic_prc_mktc_gen)*(kt)-rev*wc) ##cash flow in low market share
stage#

##cash flow per year from year 9 to yedr (year 2 to year 7 of of commerialisation)##

cash9_h=s_h*(rev*(_prc_mktc_gen)*(kt)) ##cash flow in high market share
stage#
cash9_|=s_I*(rev*(ic_prc_mktc_gen)*(1t)) ##cash flow in high market share
stage#

##PV of cash flows in year 7 (year 0 of commerialisation ) ##

PV7_h=cash8_h/(1+d_com)+((cash9_h/d_com)(x1+d_com)*(y_conl))))/(1+d_com)
##PV in year 7 (high market

stage)##

PV7 _l=cash8 l/(1+d_com)+((cash9_I/d_com¥@@(1+d_com)”™(y_conrl))))/(1+d_com)
##PV in year 7 (low market

stage)##
PV7_ap=PV7_h*p_hs+PV7_I*¢p_hs); ##PV in year 7 of approval##
PV7_dI=0; ##PV in year 7 of decline##

##PV in year 5 (year O of application)##
PV5 rd=(p_ap*PV7_ap+tp_ap)*PV7_d)/((1+d_ap)*y_ap)
##PV in year 5 of R$D
success#H#
PV5 =0 ##PV in year 5 of R$D success##

##PV in year O (year O of R&D)##
PVO=(p_rd*PV5_rd+(ip_rd)*PV5_fy((1+d_rd)*y rd)
##NPV in year O##

NPV=PV0inv*(1-t);

#HsumMmary##
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#icase 1: 648 patents##
valuel=n_patl1*NPV*n_wave ##total value added ##
inv_inil=n_patl*inv*n_wae ##initial total investment##
inv_contl=wc*rev*p_rd*p_ap*n_patl*n_wave* (p_hs*s_h+fl hs)*s_I)

##total catinuing investment##

inv_dvl=inv_inil+inv_contl ##total investment for developed
patents##

inv_restl=(nt_pahwave*n_patl)*inv_nd ##investment fonthredeveloped
patents##

inv_totall=inv_dvl+inv_restl ##total investment

##case 2: 425 patents##
valuel=2=n_pat2*NPV*n_wave ##total value added ##
invV_ini2=n_pat2*inv*n_wave ##initial total investment##
inv_cont2=wc*rev*p_rd*p_ap*n_pat2*n_wave* (p_hs*s_h+fl hs)*s I)

##total continuing investment##

inv_dv2=inv_ini2+inv_cont2 ##total investment for developed
patents##

inv_rest2=(nt_pah_pat2*n_wave)*inv_nd ##investment for the nedeveloped
patents##

inv_total2=inv_dv2+inv_rest2 ##total investment
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Emerging Stock Market Co-movements and ThirdCountry Effects
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ABSTRACT
This paper investigates the effectdin&ncialglobalizationi in particular cros$order capital
flows in financial market$ on pairwise excesgock return cemovements in Emerging Asia
during 20012012. The analysis shows thatcieased conovements are explainecmnby
bilateral capital flowshetween Asian countries but by capital flows from the G7 countries.
That is, the high correlation of stock returns in Emerging Asthasresult ofsynchronized
capital flows from the G7 countries into Asian financial markets. Despite a recent surge in
regiorel capital flows within Emerging Asia, nstock returnii deo u p |frorm thed G7
countrieshas taken place

JEL classification: F3, G1
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1. Introduction

Since the2000s, as compared to the other emerging economies such as Latin America and
MENA, Emerging Asia (EA) has witnessed a substantial increase in the volume of
international capital flows that have overshadowed the increase in international trade flows.
And duing the same period of time, in EA, a steady rise in thmowvement of stock markets

has been observed and the correlation in excess stock returns among EA in the early 2000s was
close to zero but reached 0.4 in 2012 (Figur@¥Wh i | e b ot fegi@a anslinternt r a
regional capital flows have rapidly grown, one can observe two interesting facts. First, the
growth of intraregional financial linkages has become much stronger than that of inter
regional financial linkages since the 2060Second, thre has also been a significant rise and
share in inflows from advanced countries to EA counfiéSiven these facts, it is worth
exploring what are the underlying reasons for the greater synchronization in stock market

returns in EA.
Figure 1. AverageStock Return Correlation in the G7 and the EA Countries
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Notes. The figure shows theequallyweighted average annual pairwise correlation
coefficientsof excess stock returmsnongthe G7 countries and among 10 EA countries.
See Table 1 for a list of treountries included.

Is the greater synchronization the result of growing regional economic and financial integration
among EA countries or increased capital flows between EA and advanced economies? Does

the greater synchronization provide evidencéhefAsian equity markets being coupled with

the equity markets of advanced economies, i.
on their own withstand pressure from the dev
stock markets subjecttohe i nfl uence from the devel oped e

The aim of this study is to document the evidence of stock market synchronization in EA and
examine the sources of stock returAngovements. ®ck market cemovementshown in EA
may indicate thiathere are increasing bilateral capital flows among EA economies. However,

35 The average correlatiammong G7 countriesas still higher aaround0.6 in2012
36 EA includes China, Hong Kong, India, Indonesia, Korea, Malaysia, Philippines, Singapore, Taiwan, and
Thailand. This definition is consistent with | MF&s Re
37 See Figure 2 explained in the next section.
38 See Lane and Milesterretti (2007) and MiledFerretti, Strobbe, and Tamirisa (2010).
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even without bilateral capital transactions, stock returns in EA countries can move together if
capital simultaneously flows from the advanced economies to EA econMeesall those
originating from the advanc e dcountry effedtsr @ e s
Identifying the underlying reaserfor stock market synchronization in EA countries is
important for understanding the nature of synchronization in EA financial maakdtso
evaluate the impact of regional economic cooperation such as the Chiang Mai initiative and
the Asian Bond Markets Initiative (ABM[Bekaert and Harvey, 2014)

Unlike previous studiethathave mainly relied on price data to extract common factbis
study uses direct measuresofcfbss r der f i nanci al f Capondisated a k e n
Portfolio Investment SurvéZPIS). Using these measures, we estimate the effects of bilateral
capital flows among EA economigsrsus thirdcountry effectof capital flowsfrom the G7
countrieson stockreturn co-movements in EA countri¢. The impact of shocks to capital
flows from advanced economids the EA countriesshould differacross countries due to
differentdegrees of integrationith global finarcial markets'® We capture these timearying

and countryspecific effects of capital flows on stoc&turnsby runningstatic anddynamic
panel regressiomodels*!

Since wefocus on the podinancial liberalization period (2002012), during whichEA
financialmarketswerelikely to behighly integratedwith the rest of the worldve can capture

the impact of noninstitutional changes in economic globalization on stock market
synchronization Most pevious researchhas focused on the impact of ingtional
liberalization of financial markets such as removal of legal restrictions in international capital
flows during a period when financial marketerenot completelyopen®? In contrastmost of

our samplecountries(except for Chinahad already fuy liberalized theirinternational
financial marketdy the start of our estimation period (Tableahyl therefore, we can capture
the impact of crosborder capital flowsrising from norinstitutional economic reasons.

The kaseline empirical analysisdoses on annual observation for the pairs dEA@ountries
(yielding 45 pairwise correlations a year) over the period 2Q012.In the regressions, we
control for crosssectional dependence, heteroscedasticity, and the possibility of serial
correlation We also control for possibeEndogeneity ariag from the dynamic nature of stock
market cemovements across countries (King et al., 1®kaert et aJ.2009).

3% Most previous studies use static or dynamic factor models to identify the contribution of national or global
common factors to variations in pricér example, Forbes and Chinn (200dn regressiosiof the computed
countryspecific factor loadings on seveiaticators ofbilateral linkages betweezach pair omalland large
countriesBekaertet al.(2009) usen aset pricing modednd run various estimations witbxcessytockreturns
of each countryn thelefthand sidleend r et urns on gl obal o on thdright leahdo p e d
side.

40 Bekaert and Harvey (199@ygue thathe correlationscross national stoakarkets are directly linked to
the degree with whitcountries are integrated with global capital markets.

4 There are some preceding studies thate usedjuantitativedata on capital flows such &avin et al.

(2002, Froot and Ramador2008, andDellas and Hes§&005) However,these stuids use @sssection or
pooled regressions that neglect the tim@ension of economic integration in the 2000s and beyond. Beine and
Candelon (2011) and Bekaert and Wang (2@3@poth time and crossectionadimensioms simultaneouslybut

their focus is limitedto the effects of thdegree of economic liberalization and openness.

42 See, for exampleBekaert and Harvey (1997, 2000), Bekaert et al. (2002), Dellas and Hess (2005), and
Beine and Candelon (2011)
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Table 1. Sample @untries and the Stock Market Indices

EA China (02, Shanghai Stock Exchange: Index: A Shares), Hong Kong (*, Hor|
Kong Hang Seng Index), India (92, Bombay Stock Exchange: Index: SENSEX
Indonesia (89, Jakarta Stock Exchar@emposite Index), Korea (92, Korea Stock
Exchange KOSPI 200 Index), Malaysia (88, FTSE Bursa Malaysia EMAS Index|
Philippines (91, Philippines Stock Exchange All Share Index), Singapore (*, Straits Tim
Index STI), Taiwan (91, Taiwan TPEx Exchange Indé&bailand (87, Stock Exchange
of Thailand SET Index)

G7 United States of America (*, S&P 500 Index), Canada (*, S&P/TSX Composit
Index), Germany (*, Deutsche Boerse AG German Stock Index DAX), France (*, CA|
40 Index), Italy (*, FTSE MIB Index), UniteKingdom (*, FTSE 100 Index), Japan (83,
Nikkei 225)

Notes: Numbers irparentheseshow the year in which the domestic stock market was opened to foreign investors
(Bekaert and Harvey00Q 2002 Bekaertet al.,2005). *indicates that the countbydomestic stock market wa
already fully liberalizedefore the start of our estimation peridid addition, the names of national stock indices
used in this study are shownparentheses

When thirdcountry effects are not included, the regression iesekm to suggest that stock
returnco-movements in EA countries can be explained by bilateral portfolio investment flows.
However, oncehird-country effectsare taken into accountthe effects of bilateral flows
become insignificant. Thirdountry effecs are highly significant and positive in most cases.
Capital flows from the G7 countries significantly affect the stock return movements in EA
countriesevenatfter controlling forpotentially important factors such as trade agreements,
industry differences inflation, economic developmenand financial depth. The main
conclusions of the regression results remain unchanged even when we extend the sample to
include the norAsian BRICS countriegBrazil, Russia, and South Africand FDI data.
Therefore, it ould be argued that in terms of stock returns in EA countties -6 depl i ngo
has taken place.

This study is related to thigeratureusing asset pricing models to measure thodntry
effects. dobally integrated financial marketgesult indomesticstock returns being piy
determined by global return$hat is, ¢pbal common shocksxplain part of the variation of
domesticstock returnsGlobal shocks can be empirically identifiegt using factor models
(Forbes and Chinn, 2004; Brooks and Del ed@006)or arbitrage pricing theory @asset
pricing models such as Farraench,or HestorRouwenhorst models (Bekaert et al., 2009;
Dutt and Mihov, 2013; Brooks and Del Negro, 2004, 2d83he alvantage of this approach

is thatonecan identify globaldctors, countrgpecific factors, and other potential factors such
as sectospecific and regional factors that determine market returns in each country without
using quantitativeneasures of crodsordertransactions

The remainder of this study is orgaed as follows. Section 2 provides an overview of the
related literature and of recent developmentthe financial globalization of EA countries.
Section 3 then outlines thmodels andsariables used for the estimation in this study, while
Section 4 preents the results of the empirical analysis. Finally, Sectamnbludes.

2. Financial Globalization in Emerging Asia

43 Anotherstrandof studiesuses GARCH models and thevariantsandmeasursthe share otock returnvariation
explained by global common factorsameasure ahe degree of integration with global mark&eg for example, Gérard
et al.(2003).
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A large body of theoretical and empirical studies focused on the role ial and financial
linkagesin explainingeconomic cemovementsn emerging marketd/Vith regard to excess

stock return canovemens, previousstudies in the 1990s and the early 2008ge foundhat

the degree of canovementsn emerging markets with the rest of the waddyenerally low
implying thatdeveloped countries with large stock markease only a limited impact on
developing countries with small financialarkets (Bekaert and Harvey, 1997; De Santis and
Imrohoroglu, 1997; Forbes and Chinn, 2004; Chi et a., 2006). Reasons for ted Iimpact
include the presence tfinsactiorcosts restrictions on crossountry capital flows (Bekaert

and Harvey, 2000), and home bias in international invest(Karolyi and Stulz, 1996). More
recent studies, however, suggest that regional conva¥genAsia has (at least gradually)
emerged but the degree of impact from the global markets has got greater as well (Boubakri
and Guillaumin, 2016; Chien et al., 2015; Dewandaru et al., 2015; Lee and Jeong, 2016;
Mandigma, 2014; Tiwari et al. 2013; Jiaegal., 2017). In factniEA, a steady rise in the-co
movement of stock markets has been observed and the correlation in excess stock returns
among EA in the early 2000s was close to zero but reached 0.4 in 2012 (Figure 1).

Under therecent developmerdtf E A 6 s s t io gldbal nmaeketskoeetsisouldonsider

not onlybilateral capital flows among emerging markeksit also thirécountry effectdrom

the developed economiesorder to properly analyze the reasons behind the stock market co
movementsHowever, few studies have focused on the role of bilateral flovesnerging
markets, mainlypecause of the lack of data bitateralfinancialflows and thé limited size

In this study, we focus on both bilateral capilalws and thirdcountry effects ased on
guantitative data of financial flows.

From a theoretical perspective, the effect of financial integration anos@ments a priori is
indeterminate. On the one hand, financial integration may lead to greater synchronization
through demangideeffects.On the other, it may lead to greater specialization in production
through the reallocation of capital across sectors, which could redut®we@mentsThe
literature on international business cycles suggests that finayhokzlization can resulh
greater exposure to nalobal shocks such as counspecific or sectorspecific shocks
which canlower comovements (see, e.g., Kaleflzcan et al., 2013).

A good example why a priori the effect is indeterminate is provideBdsges and Chinn
(2004 ) Considerthecase that a negative shock in large cougteads to investor pessimism
which drives down stock returns in countgy One possible scenario is thaistpessimism
leads investors in country to reduce their investment small countryx to ensure their
liquidity, which lowersstock returngn countryx (resulting in higher canovement). The other
scenario is that investors in countryncrease their exposure to relatively beftesitioned
countryy, potentially driving up stock retusrin countryy (resulting in lower cenovement).

Table 2 shows the total stock market capitalization of the 1Qc&triesthat our study
focuses on and of the G7 countries. As can be seen, the share of the 10 EA countries in global
stock market capitaation increased by more than gércentaggoints from 2001 to 2012

while the share of the G7 countridscreased by 2%rcentag@oints. The share of the 10 EA
countries and the G7 countries together in global stock market capitalizai&8%an 2001

and 75% in 2012. On the other hand, the share of the G7 cowtmeshrank from 81% in

2001 to 57% in 2012. Irusn, whilethe weight of the 10 EA countries in global stock market
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capitalization has increased and that of the G7 countreedd@eased, capital inflows in the
EA countries from the G7 countriase neverthelessill large.

Table 2.Share in Global Stock Market Capitalization

EA BRICS G7
USA Japan
2001 7.4% 3.9% 81.2% 51.7% 8.4%
2005 9.7% 7.1% 73.3% 41.4% 11.6%
2008 19.2% 15.2% 64.5% 36.2% 9.9%
2010 19.9% 17.4% 55.0% 31.2% 7.5%
2012 18.2% 14.1% 57.1% 34.2% 6.7%

Notes: Data sources are International Finan&ttistics, IMFand Taiwan Stock Exchange. TBRICS include
not only the nofEA BRICS (Brazil, Russia, and South Africa) but also the EA BRICS (China and India).

Figure2 shows relative trends in bilateral financial flows within EA countries and financial
inflows from the G7 countrieimto EA countres from 2001 to 2012 he upper figure shows

the increase of bilateral portfolio flows among the 10 EA countries and financial inflows from
the G7 countries to 10 EA countries, with all flows are set to 100 in the base year 2001. The
lower chart shows theelative volumes of inflows from G7 countries to EA to the volume of
aggregated bilateral financial flows among EA countries in eachA®saan be seen, nominal
bilateral financial flows among EA countries rose by a factor of more thamHil@ financid
inflows from the G7 rose by a factor of more than 5 during this pefioat being saidthe
amountof financial inflows from the G7 still remains muletigerthan bilateral financial flows
among the EA countries, suggesting that inflows from the GTi¢pkarly the US) still have

an important impact on the EA countries

Figure 2. Capital Flows within the EA Countries and Inflows from the G7
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Notes: The figure showshilateralportfolio flows among the 10 EA countries and financial inflows from®@e
countries. With k flows are set to 100 in the base year 200&, upper chart shows the increasehef flows

while the lowerchart shows the relative volumes of inflows from G7 countries to EA to the volume of aggregated
bilateral financial flows mong EA countries in each year.

3. Empirical Estimation

3.1.  Estimation Models

We first estimate the following static regression model:

z p | TER 1Ly 0 : (@)

wherez s thepairwise excess stock return correlatien j is avectorof bilateral

capital flowsbetween countriesandk andthe capital flowsrom large countryg to small

countriesj andk (third-country effect and<t | is a set of control variableShe error terms

are6 =- 0 - ,where— represents countipairwise fixed effects that capture

countrypair specific facta explaining cemovementsp is a set of year dummies, and

representpureerror terns.

This static model, howevedoes not apturethe potential dynamics of stock return-co
movements Therefore, we also uske following dynamicmodelwith lagged values of the
dependent variable on the right hand side
Zz s | 15 15 =28 0 . )
As discussedby Blundell and Bond (1998), Rioja and Valev (2004), and Wintoki et al. (2012),
this type of model potentially suffers from biased and inconsistent estimators as well as
possible simultaneity of explanatory variables. To resolve these problems, we sg&t¢he
generalized method of moments (GMM) to estimate the following nfédel
Z R + i ol Z § - O g
zp T Ly T, Tz g0 - W
assuming following orthogonalityonditions:
- oL Eoo- o4 Eoo- h

4 See Blundell and Bond (1998) and Arellano and Bg¥885) for details of the system GMM.
80



APAEA Asia-Pacific Applied Economics Association Conference Proceedings

The 4" Applied Financial ModellingConference Melbourne Australia, 2018

0z - - oL+ ; - - od . - - n, for

1. (4)

Thesystem GMM estimatocontrolsfor unobservable heterogeneity bias, inconsistency, and
simultaneity,which enables us t@roduceefficient estimatesWe uselagged variables as
instruments for estimating the systewie uselagged levels and lagged first differenads
predetermined andndogenous variabless instrumens. The model is estimated using two
step GMM, which procures asymptotically more efficient estimates thastepeGMM.

3.2. Measures ofExcess Stock Return Correlation

Variables used in the estimation and data sources are shown in TBReS8s stock returns

are measured as U.S. dollar denominated stock returns minus the risk free rate, for which the
threemonth U.S. Treasury bill rate is used. Following Bekaert g2809),we useweekly

stock returns computed from national stock indices in order to avoid potential econometric
problems resulting from the nesynchronous trading of securities when using very high
frequencydatal he i ndi ces ar e c hsboslexestby Locatiodhtl thed mb er g ¢
names are shown in Table 1. If multiple indices are listedm@country, one of them is

chosen based on data availability and frequency of use in the academic literature. Using the
computed weekly excess return® thien calculate pairwise correlations coefficients for each

year. The pairwise correlation coefficients () ar e al | Fisherdos z tra
limited dependent variable probleh.

Table 3. Variables, Summary Statistics, and Data Sources

Variable N Mean SD Data Source

Stock Return Correlation 540 0.374 0.464 Bloomberg, CEIC, FRED

Bilateral Capital Flows 540 0.006 0.013 CPIS, World Development Indicators
Third-country Capital Flows 540 0.162 0.132 CPIS, World Development Indicators

RTA 540 0.391 0.488 CEPI|

Economic Development 540 9.620 0.986 Penn World Table, World Development Indicators
Inflation Difference 540 3.030 2.795 World Development Indicators

Financial Depth 540 1.960 0.644 Global Financial Development Database
Krugman Index 540 0.075 0.041 UNIDO

3.3.  Measures ofCross-Border Financial Flows

Measuringthe degree obilateral financial integratiohas been a lonrgtanding challenge to
economists. Somstudieshave used the degree ddstrictions on crosborder financial
transactions (e.g., Kose et al., 2009) or-bdateral measures of financial openness (e.g.,
Dellas and Hess, 2005). Howevénese measures capture de jugstrictionson financial
flows (e.g., Imbs, 2006) and maké difficult to identify the origin of financial flows.
Moreover, as mentioneghrlier, there are relatively fewe jure restrictions on capital flows
during our observation perio@herefore, the approach taken in this stiglip use data on

45 Simple correlation coefficientsan benonrconstant over time as they may be subject to amplification during
periods of high market volatility (Forbes and Rigobon, 2002k way to tackle this problem is to use dtodal
correlations. Bekaert et al. (2009) argue that factor models capture the expected correlatioresrdugierror
terms (if >0) can be considered as the effect of contagitich hikes stock returnvolatility (and simple
correlation coefficiers). Another way is taontrol forthe impact of timevariant interdependence among equity
markets, which is the most importdithe-varianttransmission channel of stock retuthat can cause volatility
(Longin and Solnik, 1995 Conceptually, th@pproach taken in this study is similar to the latter approach.
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direct bila er al asset hol dings from the | MF6s CPI
integration. The data are available from 20@hjch restricts our observation period to the

period from2001 to 2012° The IMF compilesiata not only oportfolio investmenbut, since

2009, also data on foreign direct investmé&iIj.*” In the analysis below, &mainly rely on

the data on portfolio capital flows but also use capital flow data includingd-Eteck the

sensitivity of oubaselineesults.

Bilateralcapitalflows between countrigsandk aremeasured by———, where"O denotes

countryjr esi dent sd por t hadlincoontrykand,emversay®t deroes et s

countrykr esi dent sé portf ol i o ijhYwWenstdesitme GOP ofacach et s |
country. We also use a measure that includes both portfolio investment and FDI, which is

defined as ,whereO denotscountryjd6 s di r e c tassatsrhelde st me n
in countryk, andvice versaSincedirect investment are available only from 2009 onweuel

use theaverageof —— during period @rom 2009 to 2012) fothe FDI measure for all

periods

Capital flows from the G7 countries (labelgdo a pair of EA countriesandk aremeasured
by —— where O ('O denotscountrygdbs por t f o lassets helthin comtryme n t

j (K). Note that we do not include the EA count
countries because many data points are missing and even if they exist, the absolute amount is
small*® Capital flows data including FDI from the G7 countries to E& @nstructed by the

same method as above.

3.4.  Control Variables

Stock market canovementarethe resulbf not only capital flows but also a number of other
factors. In order to avoid the omitted variable bias that would result from ignoring such factors,
we include a vector of control variables in the regression.

First, the literature often stresses the imgace of economic fundamentals, particularly the
role of industy structure in explaining international stock return synchronizfigwll (1992)
argueghat similarities in théendustrialstructurecanlead toahigh correlation in stock returns.
Howeve, examining data for 12 European countries, Heston and Rouwenhorst (hel@daif
industrial structure does not appear to play a significant radoitk return canovements.

46 While theCPISreports lilateral equity holdings andlebt securitiedoldingsseparatelywe use aggregate
portfolio investment dataue tonumerousgaps in theseparatedataseries.As Imbs (2006) documerd, the
components of the portfolio investment data in the Qtiiity and debt investmentaje strongly correlated
with each othemnd the amount ofequity transaction is much larger than debt transadtiogeneral, which
rationalizeshe use of aggregate portfolio investment data instead of equity flows data for this study.

4" The survey is calle@oordinated Direct Investment Survey

8 In the empirical estimation, we also use data that inchaghétal flows in both directions (from tH&7 to
EA, vice versa)The results are similar to the case when we use portfolio meestassetsnly.

49 In addition to economic fundamentals, recent literature evidences that investor demand in addition to the
effect of economic fundamentals can beraeat of the synchronization (e.g., Greenwood, 2005; Greenwood,
2008; Boyer, 2011; Hau and Lai, 2016; Bartram, Griffin, Lim, and Ng, 2015). Bartram, Griffin, Lim, and Ng
(2015)
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More recently, Dutt and Mihov (2013)se time-varying country-pair-specific industrial
composition measures to test if Roll (1992) or Heston and Rouwenhorst (1994)astdnds
confirm the findings of Roll (1992). In this study, following Imbs (2006,use th&rugman

index (Krigman, 1991) to measure simil@ed in industrial specializatiofiKrugman Index

We define the index as follow&( B i i ,wherd andi denote the output
share of ISIC 1 digitevel industryn in countryj6 s a n d kdcso utnottrayl Oyt put

The data ar e t ak e n SfatistocahYearboekThe axpectedign dfithe i on s 6

estimated coefficient ahis variable is negativéf countriesj andk have similar industrial
structures (so that therugman indexs small) sectorspecificshocks will move stock returns
in both countries in the same directiamd therefore create a high correlation of stock returns.

Second, the role of multilateral trade liberalization is considered. From a theoretical
perspectiveparticipating in regionatade agreementsy lowering the cost of importegbods

is likely to increase the expected futsteckreturnsof member countrieghereby increasing
synchronizatiorof stock returngBasu and Morey2005. Previous research suggests that this
theoreical prediction is empirically supported (Henry, 2000; Berben and Jansen, 2085).
use adummy variable that takes 1 when a pair of countrissaHalateral trade agreement or
belongs to the same regional trade agreeradr@rwise (RTA. The expectesign d the
coefficient is positive.

Third, we use three variablesd¢ontrolfor differentmacroeconomic fundamentals of countries

in each pair(1) thepairwise sum of the logged real per capita GDP in U.S. dollars as a proxy
for the economic developmenf each pair of countriesEe€onomic Development(2) the
absolute difference in annual changes in the CPI as the foodifferences in inflation rates

of each pair of countriesnflation Differencg; and(3) the sum of the ratios of domestic credit

to the private sector to output as a profgr the availability of domestic financial
intermediation Financial Depth). The sign for th&conomic Developmenéariable is expected

to be positive, that for thinflation Differencevariable negative, and thédr the Financial
Depth variable positive.

4. Estimation Results

4.1. Test for Strict Exogeneity

Before estimating the modelye test the strict exogeneity of the capital flows data by
examining whether the effects of bilateral capital flows among EA econanithird-
country effects of capital flowfsom the G7 countries are related to past stockrmeto-
movementsTheoretically, stock return emovements could lead to increased or decreased
third-country effectskFrom the perspective of portfolio diverisition, if two countries exhibit
similar stock return movements, there is less incentive for investors to invest in both countries
at the same time, implying that stoeturnco-movements have a negative effect on capital
inflows from the G7 countries.dwvever, theories on crisis contagion focusing on information
cascades suggest that investors in advhacenomies may classify two small countries that
show similar stock return movements in the same investment category and therefore change
their investmat in these countries simultaneously, which means that gstettkn co-
movements would be positively correlated with capital inflows from the G7 countries.

Using the method described Wooldridge (2002), we run the following panel regression to
test strct exogeneity:
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R (6)

wherelL_is the pairwise correlation of stock returns at ti;e  is a subset dahebilateral
and thirdcountrycapital flowsand control variables at tinte1, and s the bilateral and
third-country capital flowsand control variables at time The null hypothesis of strict
exogeneity ighat{ isnear zero and insignificargince stock return emovementshould not
be correlated with the future realization of a subset of the bilateral andciinatry capital
flows and control variables.

Table 4 shows that the coefficient estimates for the future values of the bilateral and third
country capital flows are all statigcally insignificant indicating that they are strictly
exogenousCoefficients on mostantrol variablesare also insignifican&lsoimplying strict
exogeneity.Note that the future values ARTA and Inflation Difference variables are
significantly different from zero, but their signs are oppositehe theoreticdy predicted
value.Given treseresults, all explanatory variables are assumed to be strictly exogambus
lagged is endogenous, so that GMtyipe instruments are used only for lagged ddpan
variablellfor dynamic model8?

4.2. Baseline Estimation

Table 5 repogthe regression results of the baseline modk.first examine the model with
bilateral capital flows only (first four columns) and then the model with both bilateral and
third-country capital flows (last four columns). We use bethtic and dynamic panel
regressiommodesk for the two sets of contrefariables (with and without th&inancial Depth
andKrugman Indewariables, while th&TA Economic Developmerandinflation Difference
variables are always includedjor the statienodek, the standard Hausman test supports the
use of a random effextmodel. For the dynamic models, a ear lag of thedependent
variableis includedn the regression, whille set of tweand threeyearlags of the dependent
variable (GMMtype) and oneyear lags of all explanatory variables {type) are used as
instruments.

The regression results show the following observations. The coefficients on bilateral portfolio
investment flows are marginally significant when tho@lintrycapital flowsare excluded. The
coefficients are positive, implying thatorebilateral financial flows increase stock return co
movements in EA countries. However, the positive effect of bilateral financial flows
disappears when thicbuntry effects are included. In the regressions with both bilateral and
third-countrycapital flows bilateral financial flows all becomasignificant and in some cases
have negative signwhile thirdcountry effects are all positive and significant at the 1% level.
These results are consistent across both the static and dynamic models and botbrseds of ¢
variables.

This result strongly suggests that posittseessstock return canovements in EA countries

are mainly due to capital flows from the G7 countries andlnettobilateral financial flows
among EA countriesThis result is similar to fidings of previous studiassing different
approachegForbes and Chinn, 2004; Dellas and Hess, 2005; Froot and Ramadorai, 2008).

50|n the sensitivity analysis, we examine the case assuming that bilatdtal taws among EA economies
are predetermined.
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When all five control variables are used, the positive effects of G7 capital flows are stronger
than in the case with only @ control variables.

The most plausible explanation of the insignificant coefficient on bilateral capital flows is as
follows: regional and bilateral integration of financial markets in EA countisestill
incomplete and the size of financial flows @my EA countries is quite small compared to
capital flows from the G7 countries (Figure 2). That is, EA financial marketsnare
integrated with the United States and other G7 matkatswith each other

Table 4. Testing Strict Exogeneity

1 2 3 4
Third-country Capital Flows (t+1) 0.318 0.154 0.389
(0.711) (0.351) (0.902)
Bilateral Capital Flows (t+1) 6.020 5.744 5.367
(0.911) (0.845) (0.807)

RTA (t+1) -0.207**
(-3.228)
Economic Development (t+1) -1.250
(-1.467)

Inflation Difference (t+1) 0.036™*
(3.397)
Financial Depth (t+1) 0.001
(0.308)
Krugman Index (t+1) -1.291
(-0.287)
Third-country Capital Flows (t) 0.751* 1.067** 0.923* 0.658
(1.874) (5.203) (2.153) (1.531)
Bilateral Capital Flows (t) 0.625 -5.329 -4.999 -4.132
(0.448) (-0.830) (-0.758) (-0.642)

RTA (t) 0.079* 0.077* 0.072* 0.279**
(1.872) (1.840) (1.727) (4.450)
Economic Development (t) 0.071** 0.068* 0.068* 1.305
(2.366) (2.304) (2.281) (1.540)

Inflation Difference (t) 0.002 0.002 0.002 -0.018**
(0.330) (0.376) (0.463) (-2.400)
Financial Depth (t) 0.000 0.000 0.000 0.000
(0.891) (0.937) (0.901) (-0.067)
Krugman Index (t) -1.378** -1.382** -1.409** -0.367
(-2.797) (-2.861) (-2.874) (-0.081)

Notes:Numbers in the brackets arstatistics.

Therefore, bilateral capital flows among EA countries do not explain stock return correlations,
while capital flows from third countries (i.e., the G7 countries) do play a significant role in
stock return correteons.

The coefficients on theontrol variables are plausible in most cases. The coeffEient

Economic Developmeate positive and significant, implying that the stock return correlation
tends to be higher faicher country pairs in the regiofihecoefficients on th&rugman index
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are, as expected, negative, although most of them are insignificEimt.coefficients on the
RTAvariableare positive and significantvhich is consistent with the theoretical prediction
that participation in the same regiorahd bilateratrade agreemesshouldlead toa higher
stock return correlation (Dutt and Mihov, 20P3)Finally, most of the coefficients on the
Financial Developmentariable are insignificant.

4.3. Sensitivity Analysis

Having established that capital flows from the G7 countries play a significant role in stock
return cemovements in the EA region, we are interested in which country or coumanes

the most important effect. Consequently, Tables 6 showsetression esults when we
replace capital flows from the G7 countries overall with capital flows from the United States
only, Japan only, anthe sum offour European countrigd-rance, Germany, Italy, and the
United Kingdom)nly. Inall cases, theoefficients onhird-country effects arsignificart and
positive, implying that all three country blocks have significant eff@lsteral capital flows

are all insignificant and the sigrof the coefficients are positive in the static modals
negative in the dynamimodels.

Thecoefficients on the control variables in all cases are simildno®e ofthe baseline result.

Next, we extend the analysis to other emerging markets in other regions. The first four columns
of Table 7showthe casevhenwe extend our sampiehich includesionEA BRICS countries,

i.e., Brazil, Russia, and South Afrida,addition to the 10 EA countries

Now, with 13 countries, we have 78 country pairs for-gdar observation perio@he results

in Table 7 show that thenain conclusion still holds even for this extended sample: the
coefficients on thirecountry capital flows are still positive and significant. Moreover, the
coefficients on bilateral flows are insignificant in most ca€eee interesting result is thateth
coefficient ofthe Krugman indexs negative and significant. Because the newly included
countries have very different industrial structures from the EA countries, sectoral differences
among the countries in the sample are much more pronounced, explai@isignificarly
negative coefficient on thi€rugman index

The last four columns ifable 7 report the casehen we expand the capital flow data to
include FDI. Thenclusion of FDIin capital flow datas important both from a theoretical

and an empirical perspectias shown inmbs (200§ and Otto et al.(2001) Ideally, it

would be preferable to considportfolio investment and FDI separatelghe empirical

results shovthat the main result still has with FDI data included: thirdountry effects are
significant and positive. The actual size of the coefficients decreases, but this is due to the
fact that the absolute size of capital flows is now larger, since FDI is included.

51 A possible reason is the rough seat classificatiorthat we used.ntroducing moreletailed classification
asin Dutt and Mihov (2013may produce differemesults.

52 Severalprevious studiesuch asForbes and Chinn (2004) and Walti (2011yvédased tradelows as
explanatory variables. However, the coefficients reporteddsetstudiesare not significant and in many cases
negative(not shown)From a heoreticaperspectivetrade flowscould havea positive or negative effect etock
return cemovements, depending on the type of trade. In ghisly we do not explicitly includerade flows
because of potential endogeneity problems arising from simultaneity with RTA and industry structure. The
potential endogeneity problems arising when including trade flow are well documerBeihm and Candelon
(2011)andLane and MilesFerretti (2008).
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Table 5. Stock MarketCorrelation Regressions

w/o Third-country Capital Flows

w/ Third-country Capital Flows

Static Models

Dynamic Models

Static Models

Dynamic Models

Portfolio Investment

Third-country 1.066 ~ 1.000 = 1.119= 1.087 *
Capital Flows (6.428) (5.251) (5.974) (5.255)
Bilateral Capital 3.653=  3.330* 3.146 2.921* 0.277 -0.101 -0.987 -1.154
Flows (2.099) (1.849) (1.610) (1.750) (0.228)  (-0.087)  (-0.760)  (-0.985)
Controls
RTA 0.101 * 0.109*  0.093 0.114=  0.120* 0.139* 0.157* 0.167 =

(1.851) (2.289) (1.479) (2.269) (2.983) (3.375) (3.518) (3.783)
Economic 0.127 = 0.128*= 0.156* 0.137* 0.068 =~ 0.069 = 0.085* 0.078 =
Development (4.224) (5.569) (4.617) (4.886) (2.366) (2.829) (2.645) (2.713)
Inflation -0.004 -0.007 -0.008 -0.018 = 0.001 -0.005 -0.014*  -0.015*
Difference (-0.676)  (-1.243)  (-0.394)  (-2.476) (0.112)  (-0.836)  (-1.942)  (-2.255)
Financial Depth 0.032 -0.028 0.033 0.002

(0.713) (-0.452) (0.904) (0.057)

-0.705 -0.450 -1.113 = -0.609
Krugman Index

(-1.045) (-0.518) (-2.567) (-1.119)
Lagged Dependent Variable
Dep Var (t-1) -0.139 = -0.118 = -0.113 = -0.113 =

(-2.480)  (-2.794) (-2.560)  (-2.607)

Constant Yes Yes Yes Yes Yes Yes Yes Yes
Time Fixed Yes Yes Yes Yes Yes Yes Yes Yes
N 540 540 495 495 540 540 495 495
R-squared 0.293 0.291 0.273 0.275 0.337 0.331 0.271 0.314
AR(D) test (p- 0.000  0.000 0.000  0.000
value)
AR(2) test (p- 0318 0288 0232 0291
value)
Hansen test of
over- 0292  0.668 0.707  0.667
identification
(p-value)
Diff-in-Hansen
testof 0109 0591 0.604 0591
exogeneity (p-
value)

Notes:Numbers in the brackets arstatistics.

Finally, Table 8 displaytwo additional sensitivity analyses. In the first case, we exclude
time fixed effects buincludefinancial crisis dummies (2008, 2009=1, otherwise 0); in the
secondcase, we assunielateral capital flows among EA economagpredetermined (=
correlated with past errors, and not correlated with current and future errors). Both cases
showthat the man conclusion still stands.
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Table 6. Third-Country Effects by Country/Region

Notes:Numbers in the brackets arstatistics.
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