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Master Thesis in Finance

Abstract:

Predicting the future value of an exchange rate has been a long-standing challenge in
economics. There is still no evidence of any model or technique that has consistently
been proven to beat the random walk model. The current objective of this thesis is to
check if there is a liquidity channel tied to banking funding that allows us to explain some
part of the performance of currency returns. The present analysis focuses on the paper
“Risk Appetite and Exchange Rates” by Adrian et al. (2015) where it is claimed that there
is a statistically significant relationship between banks’ funding capacities and changes
in exchange rates. This relation seems to be more prominent for currencies of more
developed countries. In my analysis, the liquidity aggregates (Commercial Paper and
Repo) also display some explanatory power, though less than in Adrian et al. Importantly,
however, I show that using linear time de-trending as the authors do presents stationarity
problems for both liquidity aggregates, especially for Repo volume. The statistical
inference of the OLS results is therefore limited. Moreover, in the fitted models, adding
a dummy variable and a dummy variable with interactions with the two liquidity
aggregates, as in Adrian et al. (2015), reduces the individual significance of the
coefficients’ estimates for the liquidity variables. Overall, my analysis casts doubt on the
results obtained in Adrian et al. (2015).

Keywords: Exchange Rates, Stationarity, Liquidity Funding

Pedro Themido Pereira Rodrigues



“Does Funding Liquidity help predict U.S Dollar returns?”’

Sumario:

A previsdo do valor futuro de uma taxa de cambio ¢ um desafio de ha muito tempo no
campo da economia. Ainda nao ha provas concretas de nenhum método que seja capaz
de bater o random walk model, na previsao das taxas de cambio futuras. O objectivo desta
tese ¢ analisar se existe algum liquidity channel relacionado com o mecanismo de
financiamento dos bancos que ajude a explicar alguma parte da performance do retorno
das moedas. A analise desta tese debruca-se sobre o paper “Risk Appetite and Exchange
Rates” por Adrian et al. (2015), onde se afirma que existe uma relacdo estatisticamente
significativa e positiva entre a capacidade de financiamento dos bancos e os retornos da
moeda em que ¢ denominado esse financiamento. Esta relacdo parece mais forte entre
moedas de paises desenvolvidos. Na minha andlise, os agregados de liquidez (Papel
Comercial e Repo) também revelam algum poder explicativo, ainda que este seja menor
que aquele apresentado em Adrian et al. (2015). Digno de nota ¢ que o método de de-
trending (linear time de-trend), usado pelos autores, produz séries com problemas de
estacionariedade, especialmente para o valor do Repo. A inferéncia estatistica ¢ portanto
limitada. Além disso, nos modelos ajustados, usar uma dummy variable e uma dummy
variable com interac¢cdes com os agregados de liquidez, como em Adrian et al. (2015),
reduz a significancia individual para as estimativas dos coeficientes das variaveis de
liquidez. Em suma, o meu estudo levanta duvidas sobre os resultados encontrados em
Adrian et al. (2015).
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1. Introduction

There is a vast literature on predicting currency returns and limitless approaches that have
been taken to try to explain currency movements. The modern study of exchange rates started
with Mundell (1962) and Fleming (1964), (1968) who invented the known Mundell-Fleming
diagram. Macroeconomic models were further developed by Niehans (1975), Mussa (1976),
and Dornbusch (1976), among many others.

Empirical studies started with Frenkel (1976) but perhaps the most relevant paper until
today, in the exchange rate literature is Meese and Rogoff (1983). In this paper, the authors use
several known macroeconomic relationships and different econometric techniques in order to
forecast one-period ahead exchange rates of a group of developed countries. Unfortunately,
their study did not produce good results, not being able to beat the random-walk model. As

Engel and West (2005) posit:

“Our theories state that the exchange rate is determined by fundamental variables, but
floating exchange rates between countries with roughly similar inflation rates are in fact well
approximated as random walks. Fundamental variables do not help to predict future exchange rates.”

Surely there are other ways to look at the problem, instead of just looking for monetary
aggregates and macroeconomic variables to try to predict the future monthly currency return.
Purchasing-Power parity models and trade-balance models were proposed by academia to try
to understand the phenomena. Rapidly models started to get more complex with agents having
different preferences regarding their liquidity constraints and their portfolio allocation needs.
The goal was no longer to beat the random walk but to explain some part of the variations in
currency moves. Factor models of exchange rates started to appear: for example, Engel et al.
(2014) try to encompass the long-run effect of Purchasing Power Parity and monetary
aggregates together. The field of study is vast and as more information is made available, more
approaches appear.

The paper by Adrian et al. (2015) “Risk Appetite and Exchange rates” (henceforth
referred as Adrian et al. (2015), predicts a relationship between a banks’ ability to expand their
balance sheets’ liabilities and the out-of-sample moves in currency returns against the U.S
Dollar. It concludes that there is a statistically significant positive relationship between
expanding liabilities in U.S Dollars and a U.S Dollar appreciation.

The objective of this Master Thesis is to reassess the conclusions of the paper by
replicating the results and analyzing them under different assumptions. I wish to confirm that
the increase in short-term liquidity aggregates can indeed forecast some part of the variation of

the future’s spot exchange rate return.
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The first part of this thesis tries to understand how the funding mechanism works. Adrian
et al. (2015) claim that it is the structure of how banks deploy their funds across their
international branches that create imbalances in the demand and supply of a given currency
pair. The centralized funding model of banks can impact the currency markets because short-
term funding is required to do these cross-border transactions. Besides this, the short-term
funding capacity of a given bank depends on its capital ratios. Banks will have to optimize their
decisions of funding to their capital constraints and will have to “play” in a given market
environment to decide whether it is optimal or not to deploy the funds across its subsidiaries at
a given time. This optimization problem is not studied in the scope of this thesis. It is only
studied if it is possible to infer if the preliminary conclusions that were drawn by Adrian et al.
(2015) can be done with the data currently available. There are however some limitations in the
data presented as it will be mentioned in chapter two.

Usually, banks fund their daily activity managing very short-term loans. Like any other
type of loan, it is meant to be repaid but it can be generally “rolled-over” indefinitely if the
credit quality of the agent asking for the loan is maintained or if the creditor does not require
the payment of the loan’s principal due to a severe liquidity crisis. There are several
mechanisms whereby banks can get their liquidity from, being the main facilities the Repo
Market, the Federal Reserve Discount Window, inter-bank lending, the Federal Reserve Fund’s
rate and the Financial Commercial Paper facility among others. Table 1 in the Appendix
describes the main features of these funding facilities.

The authors' of Adrian et al. (2015) use the Overnight Repo Market and the Financial
Commercial Paper as liquidity variables in order to predict the one-period-ahead returns of
twenty-three currencies, both from developed and emerging markets countries between the
months of January of 1993 to December of 2014. This sample comprises roughly 264 monthly
observations of data for currency returns and for both liquidity aggregates. The results obtained
by the authors are remarkably good and seem to indicate that whenever there is an expansion
of the dollar-denominated liquidity aggregates, the U.S Dollar tends to appreciate.

The second part of the thesis broadly discusses the importance of the foreign exchange
markets. In section three the properties of the U.S Dollar as the dominant currency are
approached. In part four basic statistics of the U.S Dollar are presented against twenty-six cross
rates, and the liquidity aggregates are introduced. Part five and six present the methodology
used as well as the de-trending methods applied to the data and the respective conclusions

regarding the stationarity of the de-trended series. The linear time de-trending performed on the

! The authors of the replicated paper were contacted several times but they seemed not to show interest in replying to the questions posed.
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liquidity aggregates fail the unit-root stationarity tests, unlike de-trending the series using first
differences or using the Hodrick-Prescott filter. Part seven discusses the results of the one-
month ahead OLS regressions. The explanatory power of the regressions is much lower than
the results presented in Adrian et al. (2015) for linear time de-trending, and get even worse
when the dependent variables are de-trended using the Hodrick-Prescott filter. Despite the fact
the explanatory power of the regressions is similar whether linear time de-trending or first
differencing are applied to the Logs of the liquidity aggregates, the different signs of the
estimates for the two coefficients of the liquidity aggregates in the two de-trending methods is
not consistent with any economic conclusion drawn by Adrian et al. (2015).

Moreover, adding a dummy variable (related to the financial crisis’ starting year) and
interaction terms with the liquidity aggregates did not produce the desired results for the current
data series. In part seven it is also discussed possible reasons that might explain the different
results. Part eight checks for alternative lags of the regressions where results might be similar
to the ones in Adrian et al. (2015). Part nine summarizes the main findings of the present study,
namely that for some developed currency pairs, the restricted model (the model specification
where only the two liquidity aggregates are included in the regression) is better than the

complete model in explaining future U.S Dollar returns.
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2.  The importance of foreign exchange currency markets

The foreign exchange market is the most liquid and largest market in the world with an
average daily volume of 5 trillion dollars, which makes it twenty-five times bigger than equity
markets. Institutional investors, Central banks, Investment banks, Hedge funds, Currency
speculators, and Retail traders, they all operate in this de-centralized market over twenty-four
hours of the day, around the globe.

There are several currency regimes, of which the most popular ones are the conventional
peg, the floating regime and the free-floating regime (IMF, 2017)

The most liquid currencies and the most traded ones are from developed countries which
use a free-floating currency regime. The main advantages of having a developed and liquid
foreign currency market are: the possibility agents have to enhance trade relationships between
countries, therefore contributing to price convergence; the availability of moving capital flows
in a timely manner; the opportunity to hedge cross-border business risks derived from currency
fluctuations; and, finally, the availability banks and companies have to fund themselves in
foreign currency at a lower cost (currency swaps).

In a hypothetical world where there was only one single currency and under perfect
competition and information, all the same goods, services, and means of production should cost
the same, since differences in prices would be sooner or later arbitraged. Since there is no single
currency, (there are at least more than 180 currencies accepted as legal tender), and there are
many trade barriers, such as taxes, tariffs, and inflation among others, it is natural that in
different countries prices for the same goods, services and means of production will differ.

The main objective of a liquid and open currency market is to come as closer as possible
to the utopic idea of a single currency, in order to mitigate the effects of negative externalities

to trade that national governments and other forces impose.
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3. The Dollar Standard

The U.S Dollar is by far the most traded currency in the world accounting for 87.1% of
overall traded currencies. In 2016 it averaged roughly 4.4 Trillions of Dollars traded on a daily
basis according to the Bank of International Settlements’ Triennial Report, BIS (2016). The
traded volume comprises Spot market transactions, Outright Forwards?, Foreign Exchange
Swaps, Currency Swaps>, Options, and other highly leveraged products. This volume includes
both long and short positions.

There is a combination of factors why the U.S Dollar is the dominant currency: size of
the U.S economy, financial innovation in the U.S financial system, market liquidity, network
externalities applied to global trade®.. .etc. But perhaps the organization of the banking system
is probably the most important reason.

The way the dollar become the reserve currency paved the way to the dollar standard.
This dominance gave its first steps when the Federal Reserve was created, and continued to
grow during the two World Wars. The Federal Reserve was a determinant factor in establishing
the dollar as the world reserve currency, enhancing market liquidity. When all other countries
were not allowing convertibility to gold, the United States preserved gold convertibility. This
made the U.S Dollar expand as a means of payment and as a unit of account between private
parties, Eichenbaum (2005). The period post-World War I was one of dominance for the dollar,
as other areas as Europe or Japan were struggling to recover from the war and were tightening
their capital controls resulting in having very illiquid securities market in these countries. This
sole fact made global banks to fund their activities mostly in dollars because they could unwind
their positions whenever they wanted, reducing liquidity risk as much as possible. By the late
1990s as capital controls started to being lifted in most of the countries, the US Dollar was
already the dominant reserve currency, the currency for settling transactions and for trading

securities in financial markets since the late 1970s.

2 An outright forward is a forward currency contract that locks in an exchange rate for a specific delivery date and a specific amount. An
outright forward contract protects an investor, importer or exporter from changes in the exchange rates. Foreign exchange forward contracts

can also be used to speculate in the currency market. (Source: Investopedia)

3 Foreign exchange swaps are the primary means through which global banks manage currency mismatch between their assets and liabilities. A
swap contract enables a bank to exchange local currency for U.S Dollars at the current exchange rate, while agreeing to reverse the transaction, that
is, exchange U.S dollars back to local currency at the forward exchange rate. Maturity may vary between three months and several years through
OTC. Counterparties typically post collateral, which is adjusted depending on movements in currencies, Ivashina,V., et al. (2012)

4 “Network externality has been defined as a change in the benefit, or surplus, that an agent derives from a good when the number of other
agents consuming the same kind of good changes. As fax machines increase in popularity, for example, your fax machine becomes increasingly
valuable since you will have greater use for it. This allows, in principle, the value received by consumers to be separated into two distinct parts.
One component, which in our writings we have labeled the autarky value, is the value generated by the product even if there are no other users.
The second component, which we have called synchronization value, is the additional value derived from being able to interact with other
users of the product, and it is this latter value that is the essence of network effects.” (Leibowitz, S. Morgulis, S.)
https://www.utdallas.edu/~liebowit/palgrave/network.html
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4. The Data

All the data presented in this thesis was retrieved from Thomson Reuters Datastream,
from the New York Federal Reserve site, from the Board of Governors of The Federal Reserve
site and from Repowatch.com. The data was then treated using Matlab programming language.

The set of data comprises monthly observations from July 1994 until December 2017.
The present thesis aims to analyze twenty-six cross-rates, using the US Dollar as the base
currency. The sample size has 282 monthly observations.

In the original paper, the time span of the sample goes from January 1993 to December
2014. Unfortunately, the observations from January 1993 to June 1994 are no longer available
in the New York Fed website, for the Overnight Repo (henceforth denominated as Repo). The
observations that are possible to retrieve from the New York Federal Reserve for the Repo
aggregate only begin in 1998. The observations from mid-1994 until 1998 presented in this
thesis were gathered with help from Repowatch.com.

The authors of “Risk Appetite and Exchange Rate” don’t specify if the time series are
seasonally adjusted or not. More importantly, a major reclassification was done by the Federal
Reserve board in the way Financial Commercial Paper is counted from 2006 to the present day.

In the Federal Reserve’s website, there are instructions on how to adjust the old
methodology to the new one, in order to have a comparable data series”. In the present thesis,
the series of the Outstanding Financial Commercial Paper aggregate was treated using the
adjustment method mentioned above. In the original paper, it is not clear whether the authors
have used the reconciliation method proposed by the Federal Reserve or another type of
method.

The cross-rates that were studied were between the U.S and two groups of countries. A
group of developed countries (Australia, Canada, Denmark, Euro-area, Great-Britain, Japan,
New Zealand, Norway, Sweden, and Switzerland), and a group of countries considered as
emerging markets (Bangladesh, Brazil, Hong Kong, Hungary, Indonesia, India, Malaysia,
Mexico, Philippines, Poland, Singapore, Taiwan, Thailand, Turkey, South Africa, and South
Korea). The developed countries studied are the ones used by the authors in their paper while

the emerging markets group is not quite the same.

5 In this web address: https://www.federalreserve.gov/releases/cp/about.htm it is broadly explained the changes that have been done in order
to do a reconciliation between the old and new methodology of the Outstanding Financial Paper series.

6
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4.1 Basic Statistics

In Table 2 and Table 3 of the Appendix, the descriptive statistics are presented for the

monthly currency returns (where returns are defined as Si — 1)® of the U.S Dollar against the
t—1

most developed countries’ currency pairs and emerging markets currency pairs, respectively.

It is observed that monthly returns are centred on their means and it is not possible to
reject the null hypothesis of zero-mean returns for all developed countries considered. The idea
that exchange rates’ returns (as most of the financial series) don’t follow a Normal distribution,
can be seen in the critical values presented for the Jarque-Bera’s test, that rejects the null
hypothesis at 1% significance level for nine out of ten developed countries and for all emerging
markets. Positive skewness is exhibited for almost all currency pairs. Financial series usually
have negative skewness. This is given by the fact that negative returns are usually greater in
magnitude than positive returns, the stylized fact of gain/loss asymmetry, Cont (2001).

However, this stylized fact does not seem to occur for the U.S Dollar, where positive
returns are usually larger than negative returns against fifteen of the sixteen emerging markets
considered and for seven of the ten developed countries.

Kurtosis is also greater than 3 which goes along with financial literature that states that
the distribution of returns of financial time series has higher probability mass on their extreme
values, meaning that extreme events tend to happen with more probability than the Normal
distribution would predict.

Regarding the performance of the U.S Dollar against emerging markets’ currencies, it
i1s possible to state that the normality hypothesis is rejected much more strongly. The
distribution of returns besides not being symmetric (all emerging markets present a very
positive skewness) and having very fat tails, is also not centred on zero for eight of the sixteen
currency pairs (as it is possible to see for the significance levels presented in Table 1 for the
mean returns).

Comparing the two groups of countries one can state that there are two distinct patterns.
Developed countries’ currencies tended mostly to appreciate against the Dollar, and currencies
from emerging markets tended to devalue immensely. The simple standard deviation of returns
of the two groups of currencies is also completely different. Emerging markets’ currencies

register a much higher standard deviation than developed countries. This fact goes along with

% The authors of Adrian et al. (2015) claim that the difference between using Log Returns or Simple returns was insignificant, so it is used
the Simple returns formula, where S, is the spot currency rate between two countries.

7
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financial theory since if one sees holding a given currency as holding an asset, it is
understandable that riskier assets have much more variability than safer assets.

Because emerging markets have generally more risks than developed countries (less
integration in the international financial markets which leads to less liquidity of their currencies,
more country default risk makes currency premiums higher for these currencies), it is normal
that investors will require a higher compensation for holding investments denominated in exotic
currencies. However this might be an explanation, this does not fully explain why only one (in
the emerging markets group) in sixteen countries has seen its currency appreciated against the
US Dollar, and most of the other countries (11 out of 16) have seen their currency devalued
more than 50% in roughly twenty-three and a half years as it is seen in Table 2 of the Appendix.

In October of 2011, some economists in one of the IMF Staff discussion notes alerted for
the possible risks and rewards of emerging markets liberalize their capital flows. In this brief
discussion citing other sources, namely the BIS triennial report already mentioned above, they
said that probably by 2035 the US Dollar would be substituted by other currency as the
dominant one in global transactions and as the major reserve currency held by Central banks.
They argued that at that time there were some currencies that could become serious players in
international trade such as the South African Rand (ZAR), the Brazilian Real, the Indian Rupee
(INR), the Chinese Yuan (RMB), and the Russian Rouble (RUB) (the last two are not studied
in this thesis).

The authors of this staff discussion argue that would be beneficial for Central banks to
have a more diversified portfolio when managing their reserves’ allocations. This could be a
way for Central banks to reduce exposure to currency risk, given that they would be investing
in uncorrelated currencies reducing, therefore, their Value-at-Risk.

According to the Triennial Report of BIS, Central banks had been buying more reserves
from exotic currencies in most recent years. From 2004 to 2011 the share of exotic reserves
rose from 2.4% to 7.1% of the total reserves held by Central banks and then decreased in 2015
to 4%. The overall tendency of Central banks to increase their exposure to exotic reserves
should have lead to an appreciation of the currencies of these countries. The sharp depreciation
of these currencies has to be explained by other factors.

Often there are three main channels where it is possible to look in order to measure the
use of given currency: in the buying and selling of reserves by Central banks, on the invoicing
and settlement of international transactions and, finally, in the volumes traded in foreign

exchange markets (IMF, 2011).
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The almost non-existence of derivative contracts to hedge positions in exotic currencies
and very wide bid-ask spreads that market-makers demand to trade these currencies might
explain why the volume traded of exotic FX currency pairs is so low. Although reserves held
by Central banks may have been in an ascending trend, the U.S Dollar continues to be the
reference currency for invoicing international transactions, and it is the only currency used to
price all the commodity futures that exist.

Moreover, most of emerging market countries have faced serious inflationary pressure in
the last twenty years making investors reluctant in holding currency from these countries.

These reasons among many others might explain the enormous appreciation that the

dollar has registered against exotic currencies.
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4.2 Correlation among currency pairs

The different levels of correlation between currency pairs of developed markets and
emerging markets should not be disregarded. Between emerging countries, there is much less
linear correlation than in developed ones (Tables 3-a and-3 b). Less financial integration and
undeveloped financial systems lead to poor capital mobility, what might explain the little degree
of linear correlation. On the other hand, because capital mobility is easier in developed
countries, they are much more dependent on each other in the sense that there are no other
markets with the adequate structure or size to absorb the wealth generated in these countries.

However a remark must be done: correlations are not steady. The correlations presented
in Table 3-a and Table 3-b are a product of twenty-three years of data. Some countries may
have registered an increase in correlation signaling higher financial integration but they still
present low levels of correlation for the entire sample size.

A good example is the evolution of the degree of linear correlation between the U.S
Dollar/Hungarian Florint (USD/HUF) and the U.S Dollar/Polish Zloty (USD/ZLTY) cross rates
(Figure 1). The correlation between these two currency pairs became much more significant
after the 2007-08 crisis. The correlation between the USD/HUF and U.S Dollar/Indian Rupee
(USD/INR) present the same tendency, and the same pattern is verified for the cross-
correlations between most of emerging markets’ currency pairs.

USD/HUF vs USD/ZLTY USD/HUF vs USD/INR

0.4

0.3-

0.1+

Linear Correlation
Linear Correlation

.25 . . . L . 0.1 L . L .
1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016

Figure 1 — Linear Correlation between currency returns from October 1997 until January 2018 (rolling correlation)
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4.3 Liquidity Aggregates:

Repo

What is a Repo? The repurchasement agreement’s market only started to grow in the late
eighties when a set of legal reforms were put in place to better accommodate for default risk of
the counterparty, and computer advances made the lending and repurchase of securities much
easier and safe (however the first Repo transaction registered dates back to 1917).

A repo can be seen in two ways: as a collateralized debt contract or as a mean for securities
lending.

The basic structure of a Repo contract as a collateralized debt contract is a trade in which
both parties agree to exchange securities for cash, for a given period of time. This agreement
comes with the promise of the agent who sells the security for a given price for a given amount
of cash, to buy back that security in the future from the cash lender at a pre-determined higher
price.

The difference between the pre-determined price of buying-back the security and the price
of selling is the gain that the lender of cash makes. The securities pledged are often the most
liquid possible so that if bank A (the borrower of cash) can’t meet its promise of buying-back
the securities at the pre-determined higher price, the counter-party (usually a Money Market-
fund) can quickly sell those securities in the market and get the cash that was supposed to be
delivered by bank A. The repo rate’ reflects the liquidity of a given collateral and the ability for
the counter-party to buy-back that collateral in the future date. Collateral accepted by the New
York Fed goes from very liquid Treasury-Bills to not so liquid Mortgaged-backed securities.

One of the big problems of studying the Repo Markets is that there are no standard
measurements across different institutions to determine its true size. The ICMA foundation
estimates that the U.S Repo Market ranges between $5 and $10 trillion, whereas the Federal
Reserve of New York reported that the U.S outstanding Repo market® amounts to $4.6 trillion.
On the other hand, Sifma’ reports a value of only $2.6 trillion and the Federal Reserve reports

the lowest value, $2.2 trillion, Baklanova et. al (2015).

7 The repo rate is usually calculated using the (P-Po)/Py*(Maturity of repo contract)/365 formula. Where Py is the cash paid by the security’s
borrower at the inception of the trade and P, is the pre-determined price paid by the security’s lender to buy-back the securities. Example:
Bank A needs funding of $50M and has $50M in T-Bills. The bank goes to a Money Market Fund and “sells” the $50M T-Bills with the
promise to buy the securities back at $52.5M in three months. The repo rate will be $2.5M/$50M*(120/365) which is roughly 1.64%.

8This amount only comprises the Repo activity between the New York Federal Reserve and the group of Primary dealers.

? Source: https://www.sifma.org/resources/research/us-repo-market-fact-sheet-2017/
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Although there are multiple estimates for the value of the U.S Repo market, the data that
was considered was taken from the Federal Reserve of New York. The series seems to match
in levels, the series used by the authors in Adrian et al. (2015), (Figure 2).

The problem with this data is that it only includes transactions between the Federal
Reserve of New York and Primary U.S Dealer banks (according to ICMA the transactions with
Primary Dealer banks may account for as much as 90% of the U.S total Repo market), and it
only includes “Overnight and Continuing Repos”.!°

The New York Federal Reserve distinguishes between “Overnight and Continuing
Repos” and “Term Repos”. The first category comprises contracts that are due in one day but
are technically “rolled-over” indefinitely if necessary, and the second comprises contracts that
have a pre-specified maturity that goes no longer than two years. Term Repos have significant
importance in the U.S Repo market accounting for almost one-third of it. The data is therefore
incomplete and it might lead to misleading results.

Although the overnight LIBOR!! rates registered the lowest levels after 2009, Figure 2
shows that “Overnight and Continuing Repos” didn’t return to pre-crisis levels in the following
years. Intermediation of the Repo Market through the introduction of the Tri-Party Repo

mechanism made the costs of Repo funding to increase, which made banks to migrate for other

types of instruments, such as Collateral swaps, BIS (2017).

19 The Overni ght Repurchase agreement aggregate cannot be considered truly as an outstanding value since it is a flow and not a stock. It does
not make sense to add-up the values of several days of overnight Repo’s to get a monthly value.

! The London Interbank Offered Rate (LIBOR), is the short-term rate that major banks use to fund themselves in the interbank market. The

rate is set as the average rate submitted by 16 banks on a daily basis. Several maturities and currencies are available. LIBOR is usually used to
price debt instruments and derivatives and it is often regarded as a major indicator of liquidity conditions.
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Figure 2- Primary Dealer’s Overnight Repurchase Agreements and Financial Commercial Paper
Outstanding. The correlation between Logs of Overnight Repo’s and Outstanding Financial Commercial

Paper is 0.56 for the entire period

Financial Commercial Paper Outstanding

Commercial Paper is a quick and easy form of funding in the short-term unsecured debt
markets. There is a wide range of maturities, (from 7-day maturity to a maximum of 270 days),
however the average maturity of all financial commercial paper is below 30 days. Funding
through the commercial paper facility does not require SEC approval. The financial commercial
paper aggregate takes only into account unsecured debt issued by the U.S financial private
sector. This type of security is used to face short-term liquidity management and it is often more
expensive than Repo transactions because they are uncollateralized loans. This type of security
is issued mainly by prime-banks which counterparties consider very trustworthy or by very
distressed banks that cannot place their liabilities on secured debt markets and are subject to
higher premiums. The most common holders of financial commercial paper are money-market
funds, wealthy investors, corporations and other banks.

In Figures 2 and 3 is possible to see that Financial Commercial Paper co-moved with
Repo between 1994 until 2002 (with different growth rates); then, from 2002 to 2008, the Repo
aggregate grew immensely and the Commercial paper decreased, and from 2008 to today the

Overnight Repo aggregate has trended between almost 2.5 and 4.5 times the Commercial Paper
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aggregate. Looking at figure 3, it is possible to perceive that during the crisis, the Repo
aggregate decreased more than the Commercial Paper. Nonetheless, currently, the Repo Market

is much bigger (approximately three times bigger) than Financial Commercial Paper.
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Figure 3 — “Substitution” of Financial Commercial Paper by overnight re-purchase Agreement

Comparing these two aggregates is not very reasonable since, economically speaking,
Overnight Repo is a flow and Outstanding Financial Commercial Paper is a stock. Nonetheless,
it is possible to perceive a general trend that Repo is dwarfing commercial paper as a mean of

funding for the financial industry.
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4.4 Why do banks use Repos

Besides being a very liquid market where banks can easily access funding and do liquidity
management, Repo transactions are suitable to raise money for a wide range of investment
strategies such as carry-trades, yield-curve trades, relative-value trades, and spread trades, (BIS
2017). It also suits the needs of banks which find unsecured debt too costly or are having
troubles raising cash in unsecured markets. Moreover, Repo transactions increase the liquidity
of the overall market as the agent that receives the security can do a Repo of a Repo, giving the

security as collateral to raise money elsewhere.

5.  Methodology

5.1 De-trending liquidity aggregates in respect to a linear time trend:

The methodology used was the following: first, both Logs of the liquidity aggregates were
regressed in respect to a linear time vector of n observations, = [/, 2, 3...n] (as the authors
have done).

A training period of four years (48 observations) was considered in order to calculate the

coefficients of the regression in:

LogRepo: =a + ft + e (1.1)

With the coefficient estimates, the residuals were calculated subtracting the fitted values

from the observed values for the first 49 periods.

&, = LogRepo, - (@ + 1) (1.2)

After this step, several regressions, each one with one more observation than the
preceding regression (expanding window), were made in order to calculate the residuals for the
immediately following month. In the final step, the first 281 observations were used in the
regression and estimated coefficients were used to de-trend the 282" observation. The same
procedure was applied when de-trending the Log of Commercial Paper. De-trending in this

fashion eliminates any look-ahead bias.
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The resulting de-trended series was tested for stationarity using the standard tests:
Dickey-Fuller, Augmented Dickey-Fuller, Philippe-Perron and the KPSS test.

Besides de-trending the data with respect to linear time trend as in Adrian et al. (2015),
the Logs of the two liquidity aggregates were also de-trended using first differences and the
Hodrick Prescott filter, and then tested for stationarity.

The following step was to consider the twenty-six currencies of the countries studied and
calculate the monthly returns for the period between August 1994 until January 2018 (282
observations). These series of returns were considered as the dependent variable in OLS
estimation.

Several model specifications were taken into account. First, the dependent variable (the
monthly returns) were regressed only against the two de-trended liquidity aggregates. The series
of the liquidity aggregates considered in the regressions were lagged at one month for the first
difference de-trending and for the Hodrick-Prescott filter and lagged at one and two months for
the linear-time de-trending. For this model specification, only the most developed countries
were considered.

A financial crisis dummy variable was introduced in a new set of twenty-six regressions
(developed countries plus the emerging markets), with the three types of de-trending. The last
specification used was the one used in Table 1 of Adrian et al. (2015) and accounts for the
possible interaction effect between the financial crisis dummy and the liquidity aggregates. The
Hodrick-Prescott filter was not considered for this last model specification since it presented
very poor results in the previous model specifications. The OLS estimates were corrected for
auto-correlation and heterocedasticity using the Newey-West correction at four lags, as Adrian
et al. (2015) do.

In the last step, the same model specifications are run using lagged regressions of the

explanatory variables (up to thirteen lags).
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Figure 4- Scheme with the different combinations of de-trending the liquidity variables and the several regression models.
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6.  De-trending the liquidity variables

6.1 De-trending in respect to linear time vector

The liquidity aggregates were de-trended with respect to a linear time vector, as in Adrian
et al. (2015). In Adrian et al. (2015) it is not specified if it is used a rolling or an expanding
window in order to get the residuals that will later be used as independent variables for running
the one-month ahead regressions. Also, the authors do not specify the number of observations
that are used as a training period.

In this thesis, the expanding window method was chosen and 48 monthly observations
were used as a training period. Figure 5 and Figure 6 show some differences between the de-
trended series that were obtained in this thesis and the series in the paper.

However the two series seem to exhibit a similar behavior from the beginning of the
sample until the period of the crisis in 2008 as can be seen in the graphs of the next page, it
seems that after 2008 the de-trended Log Commercial Paper starts to behave differently,
showing a different range of values: the de-trended Log Commercial Paper does not take so
negative values in Figure 5 as it takes in Figure 6. This contributes to a smaller sample variance
of the time series for the sample data of this thesis. Also, the difference between the two de-
trended series starts to increase in mid-2012 in Figure 5, whereas the difference between the
two series only increases in the graph of Figure 6 after 2015.

By contrast, the de-trended Log Repo’s behavior matches almost perfectly in both graphs.
This fact brings up the question that the different behavior of the de-trended Log Commercial
Paper showed in the two graphs might be due to differences in the measurement of the aggregate
itself (already mentioned above), rather than differences in the de-trending process (expanding
window vs rolling window or the number of observations used as a training period).

Another aspect worth looking for is the degree of linear correlation between the two
aggregates in both graphs. In the paper, the authors report that the correlation between the two
series 1s -0.73 for the period between 1993 until 2007 and -0.33 between 2010 and 2015. For
the data of this thesis that goes from mid-1995 (the earliest observation that is possible to get)
to 2007 the correlation of the two series is -0.17 and for the period between 2010 and 2015, the
correlation is -0.54.

More things can be said about the graphs of Figure 5 and Figure 6, namely that the two
series in both graphs do not seem to follow a stationary process, at least in variance terms (the
magnitude of changes seems to be increasing along time). Also, the two liquidity aggregates

seem to present a mild downward trend across the sample size not reverting to their mean.
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Moreover, it seems there is a structural break in the behavior of both aggregates before and after
the financial crisis of 2008.

The statistical inference made hereafter can be compromised if these problems are

confirmed.
0 6])etrending Liquidity Aggregates in respect to Linear Time Trend
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Figure 5 — De-trended liquidity aggregates of Log of Repo and Log of Commercial Paper

with the data presently available
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Figure 6 — De-trended liquidity aggregates of the Log of Repo and the Log of Commercial
Paper as it is in the replicated paper. Source: Adrian et al. (2015)
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6.2 Stationarity

A data generating process that is weakly stationary has a finite and constant mean,
variance and auto-covariances. It means that the observed mean, variance and auto-covariance
are independent of the sample size. Working with real sample data, some tests can be done in
order to assess if a series is stationary or not. There are several classes of tests that can be
performed in this current data sample to address the problem of stationarity vs non-stationarity.

The class of tests performed in this thesis are called unit-root tests and are the most
commonly used when testing the stationarity hypothesis.

A unit-root process is a data generating process whose first difference is stationary (y; =
V.1 T stationary process).

The central idea of most of these tests is to fit an AR (1) model to the data to see if the

slope of the model obtained is equal to or lower than 1.

Vi = Oyr1tes e is i.i.d with mean 0 and variance ¢’ (1.3)

If the |0] >=1 then the series will be growing boundlessly and as a result, it will not be
stationary. If |0| < 1 then the series is stationary and will always go back to its mean value.

The problem of these type of tests is to assume a given data generating process, in this
case, an Auto-Regressive process of order 1.

The Phillips-Perron test assumes as a null hypothesis that the data follows a random walk

with 0 = 1, which is a non-stationary process.

Vi=Yyrite, with e, following a white noise process (1.4)

The alternative hypothesis is that the data follows an AR (1) as described in (1.3) with o

<1

The Philips-Perron test performed on the de-trended data series (using linear time de-
trending) does not reject the null hypothesis and the estimated values for the coefficient ¢ are
0.99 and 0.97 for the Repo and for the Commercial Paper, respectively. Also, the R-square of
the regression of the series on a random walk is 0.97 for the Repo and 0.91 for the Commercial
Paper. It is reasonable to think that both aggregates behave like random walks, and if they do,
they are not stationary. The Phillips-Perron test was also run assuming that under the null

hypothesis the series follows a random walk with drift and a random walk with a time trend.
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Once again the test failed to reject the null hypothesis for both liquidity aggregates meaning
that linear time de-trending does not produce stationary series.

The augmented Dickey-Fuller’s test is also performed on the two liquidity aggregates
because, although the Phillips-Perron corrects for auto-correlation and heteroscedasticity
through Newey-West estimates, Davidson and MacKinnon (2004) report that the test performs
worse in finite samples comparatively with the augmented Dickey-Fuller test. The test is similar
to the Philips-Perron test with additional regressors for lagged differences of the dependent
variable but assumes that the error terms (e;) are homocedastic. Under the null hypothesis, that

is 0 = 1, it is considered that the series follows the following model expression:
Ve = i1 + Bidyes + PaAyes +...+ Bpdye, + e,'? with e, being a white noise process (1.5)
against the alternative hypothesis of 6 < 1:

Vi =0yer+ pidyer+ paAyea + ..+ fpldyey + e (1.6)

The problem with this test is that the lag order has to be selected, and there is no clear
rule to do that. Schwert (1989) proposes to start at a defined lag of order puax given by the
equation pmer = [12 (T/100)"4], where T is the number of sample observations. If the t-statistic
of the coefficient of order pnax 18 statistically significant, the lag order is appropriate. If not, the
lag order should be reduced until the coefficient become significant. For the data set of this
thesis, it was first used a lag of order 0 which corresponds to the simple Dickey-Fuller test, and
the Dickey-Fuller test with 1 to 27 lags, which is the lag order corresponding to the rule of pmax
defined by Schwert and adequate for this thesis sample size. The simple Dickey-Fuller’s test
does not reject the null hypothesis (Table 5) as expected since the Dickey-Fuller’s test is
identical to the Philips-Perron test, without being corrected for auto-correlation or
heterocedasticity. Figure 6 reports the p-values of the Augmented Dickey-Fuller test with 1, up
to 27 lags. The test fails to reject the null hypothesis at a 5% significance level. Therefore, it is
not possible to reject the hypothesis that the linear time de-trended series follows an integrated

process of order p and therefore the series is non-stationary.

12 This A operator performs the first difference of the variable, that is Ay, = y;- y.s
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Figure 7 — The graph presents the p-value for several lags of auto-correlation for the test hypothesis
that 6 = 1. The augmented Dickey-Fuller test fails to reject the null hypothesis that the de-trended series
follows a random walk process. The minimum p-value registered between the two series is 0.06 at lag

order 1 for the Commercial paper aggregate.

The KPSS test, another test to assess if a series has a unit-root and therefore is non-
stationary, reverses the decision of the hypothesis testing. If the test rejects the null hypothesis,
there is evidence of a unit root. The KPSS assumes under the null hypothesis that the series is
trend stationary'>.

Vi=cit ot +u (1.7)

cr=cr1t un (1.8)

The a is the trend coefficient, u;,1s a stationary process and u>, is white noise with mean
0 and variance o°.

The auto-regressive term enters in equation (1.7) through the variable ¢; and the null
hypothesis is that ¢° = 0. If this is the case this means that ¢, is constant and behaves like an
intercept in equation (1.7). By contrast, if ° > 0 equation (1.8) becomes the standard random
walk model, introducing, therefore, non-stationarity in the main equation (1.7).

So Ho: ° = 0 vs Ha: 6° > 0 is a one-sided test and rejecting the null hypothesis means that

the series rather than being trend stationary is integrated of order 1.

13 A trend stationary process is a process which when its mean is estimated and removed, the resulting residuals
are a stochastic stationary series.
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For the two datasets studied, the KPSS test rejected that the Overnight Repo is a trend
stationary process at 1% significance level and does not reject the null hypothesis for the
Financial Commercial Paper at a 5% significance level. So the test concludes that the Overnight
Repo has a unit-root and it concludes that cannot be rejected that the Commercial Paper follows
a trend stationary process.

The results of the tests for stationarity performed on the liquidity aggregates in this thesis
do not imply necessarily that the series used in Adrian et. al (2015) in their regressions are non-
stationary. In Figure 4 and 5 it can be seen that the same aggregates behave differently. This
different behavior might be because of the different time period covered in both samples, the
different de-trending method used by the authors (the authors might have used rolling
regressions instead of expanding window in order to get the residuals for the de-trended series)
or because the initial levels of the liquidity aggregates are not measured in the same way, since
it was already reported that major changes were done in the way Financial Commercial Paper
aggregate is measured since 2006. This being said, a remark must be made that the Repo
aggregate which is the series that seems to exhibit an identical path in both graphs, is also the
series in which the non-stationarity hypothesis is more evident in the realized tests.

Nelson and Kang (1984) state that de-trending a series in respect to a linear time function,
assuming that the series is a trend stationary process when in fact it is a difference stationary
process will inevitably produce a series of non-stationary residuals. If the initial series is a DSP,
then the appropriate de-trending method is to take differences of order k until the residuals are
stationary.

Taking the first differences of the Logs of the liquidity aggregates is enough to make
Repo and Commercial Paper series stationary as it is seen in figure 5 and in table 6 (in the
Appendix), where the Phillips-Perron, augmented Dickey-Fuller and KPSS test results’ are
presented. All the tests show evidence of stationarity for the differenced series of Log Repo and
Log Commercial Paper.

The de-trended data in respect to a linear time trend it is not suitable for making sound
statistical inference since Granger and Newbold (1974) state that using non-stationary series in
regressions may result in spurious regressions, with misleading high R-squares and statistical
significance of the regressors. However this might be the case, the regressions using these non-
stationary series are still performed, in order to compare the results obtained with the results

presented in Adrian et al. (2015).
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De-trending using First Differencing

Using this type of de-trending makes both series look like white noise processes with
mean zero and constant variance. Differences are taken from the Logs of the liquidity
aggregates:

AYi= Y- Y (1.9)

This transformation makes the two series stationaries, according to the tests done in Table
3-b. Both series present significantly lower standard deviation than the de-trending in respect
to linear time trend or the Hodrick-Prescott filter output. It is possible to see that Overnight
Repo has much more variability than Financial Commercial Paper up to the financial crisis’

period, and from then on Financial Commercial Paper starts to change much more abruptly.

First Differences
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Figure 8 — De-trended the Log Repo and the Log Commercial Paper variables using first
differences
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De-trending using Hodrick-Prescott

In order to remove the trend component from the raw data, the Hodrick-Prescott filter is
a widely used method to de-trend macro-economic time series, especially GDP aggregates. The
filter separates the raw data into a trend component 7;and a cyclical component C; such that Y;
=T+ C.

The minimization problem is:

mTin Zz:=1 Ct:2 + AZ{;ZI[(TL#I — 1) — (e — Tt—1)]2; where C; =y, — 1, (1.10)

The lambda (L) parameter, which is an adequately chosen positive value, penalizes the
effect of the trend component. When A is increased the trend component will be more penalized.
Higher frequency of data requires a higher A, since short-term fluctuations should not influence
the longer term output of the data filtering. Despite there is no consensus between authors on
the values of A to be used, Matlab assumes that for monthly data 14400 is an appropriate value
for A.

In figure 9 are plotted the liquidity aggregates (in Logs), de-trended using this method.
The results of the stationarity tests performed on these series point out that de-trending the
liquidity aggregates using the Hodrick-Prescott filter produce stationary series. All the unit-root
tests strongly reject the null hypothesis that the de-trended data follows a random walk process,
with p-values < 0.01. As first-differencing, the HP filter also produces a mean-reverting
process, with mean zero. Moreover, the correlation coefficient for the entire sample is 0.28 and
0.50 during the 2007-2008 crisis. The increase in correlation observed during the financial crisis
had already been observed in the de-trending of the aggregates with respect to a linear time
vector.

P Hodrick-Prescott ﬁlter.
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Figure 9 - De-trending the Log Repo and the Log Commercial Paper variables using the Hodrick-Prescott
Sfilter.
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7.  Model Specifications

Using simple OLS regressions, three model specifications have been used in order to
assess if the good results that are shown in Adrian et al. (2015) still hold with the current data
sample. First, only two aggregates were used for the entire sample period (July 1994 until
December of 2017), using the three methods of de-trending (linear time trend, first differences
and Hodrick-Prescott de-trending). Then it was added a dummy variable to accommodate for
possible changes before and after the financial crisis of 2007-2008, and finally, it was used the
same crisis dummy with interactions with the liquidity aggregates. The model specifications

are the following'*:

ve+i= Po + p1 LogRepo: + f2 LogCommercial Paper; + es+i (1.11)

Ve+1= Po+ P1LogRepo: + > LogCommercial Paper: + f3DummyCrisis; + e+ (1.12)

Ver1= o+ p1LogRepo; + 2 LogCommercial Paper: + f3DummyCrisis; + fsDummyCrisis;
x LogRepo; + fsDummyCrisis; x LogCommercialPaper: + es+i (1.13)

Table 6-a and 6-b shown in the Appendix present the standard t-statistics for the
coefficients estimates obtained using (1.11) for the developed countries, as well as F-statistics
and the adjusted R-squares. Neither the sign nor the statistical significance of the coefficients
1s preserved across the three types of de-trending. Although linear time-trend produces more
significant estimates for the coefficients, first differencing seems to produce better fitting (the
adjusted R-squares are generally higher than those obtained using linear time de-trending at 1
lag and has a similar fit to linear time de-trending at lag 2).

The regressions in which dependent variables are de-trended in respect to linear time and
regressed on one-month ahead, currency returns present poor results for the individual
significance of the coefficients and for the global significance of the regression. When the lag
order of the fitting adjustment is increased for two months, the explanatory power of the
regression and the individual significance of the coefficients increase considerably for all cross-

rates, except for Japan. The variability in the explanatory power of regressions and coefficient

14 The dependent variable y; is the one-month or the two month currency return (depending on the lag order
considered), of the U.S Dollar against a group of developed and emerging countries.
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significance at different time horizons is well documented in financial literature in (Groen,
1999), (Boudoukh, 2005), (Mark, 1997), and it is mostly attributed to small sample size.

Although the results improve when the lag horizon increases, the adjusted R-squares are
lower than those reported on Adrian et al. (2015) at lag 1. More intriguing is that for both
forecasting horizons, the sign of the Log Repo is negative for all developed countries and it is
statistically significant for eight of the ten developed countries when using linear time de-
trending. The negative sign obtained for the Log Repo coefficient goes against the initial
hypothesis of studying, that increasing Dollar funding liabilities would lead to a U.S Dollar
appreciation. The coefficient for the Log Commercial Paper is also statistically significant for
eight of the ten countries and it is significantly positive for seven of the ten countries at lag 2,
which goes with the initial claim that increasing Dollar funding liquidity forecasts Dollar
appreciations.

Alternatively, when using first differences of liquidity aggregates as regressors in (1.11),
the individual significance of the coefficients is lower (the coefficient for the Log Repo is never
significant) when compared to linear time de-trending as it has already been said. More
unexpected is the negative sign for the coefficient of the Log Commercial Paper. This again
goes against the proposed claim, that more Dollar funding liabilities would increase the value
of the U.S Dollar against other currencies.

Using the output of the Hodrick Prescott filter as regressors in (1.11) yields very poor
results with no single individual coefficient being statistically significant and only two
regressions rejecting the null hypothesis of the F-test. Moreover the sign of the coefficients is
not consistently positive or negative for the two liquidity aggregates and across the ten
countries.

Figure 10 and Figure 11 illustrate the change in the sign of the relationship between the
Log Repo and the Log Commercial Paper and the USD/AUD'(U.S Dollar against the
Australian Dollar) across the different de-trending methods. Although the sign of the slope is
changing, the slope itself is almost zero. In fact, when currencies are regressed on a single
liquidity aggregate (Log Repo or Log Commercial Paper at one lag), the coefficients of these
variables are never statistically significant. Therefore it can be concluded that the significance
of both liquidity variables (when exists) is due to the interaction between the two variables and

not because of each variable’s single effect. It’s hard to compare which de-trending method is

I Regressing liquidity aggregates on one and two months ahead of USD/AUD currency returns yields the most satisfactory results using linear
time-trend residuals. Therefore the USD/AUD currency returns’ series was chosen to make the argument that the sign of the estimates of the
coefficients of liquidity aggregates are changing according with the de-trending method considered.
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the best since, although linear de-trending presents best results on the individual statistical

significance of coefficients (at two lags) there is some evidence that the series produced by

linear time de-trending is not stationary and therefore statistical inference might not be robust.

Moreover, the Log Repo coefficient is negative, which does not go along with the initial

hypothesis. On the other hand, using First Differences leads to higher R-squares in general but

lower significance levels for the individual coefficients of the regressors. Furthermore, the sign

of the estimates for the coefficients for both liquidity variables is not consistently the same

across countries or across de-trending methods indicating that the effect of the liquidity

aggregates on U.S Dollar appreciation/depreciation is not clear. This fact makes harder to draw

any economical conclusion.
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Figure 10, Figure 11 - Dispersion graph of sample observations of the three de-trending methods used

on the Logs of Commercial Paper (left) and on the Logs of Repo (right), regressed on one-month

currency returns of the USD/AUD spot exchange rate.

The maximum adjusted R-square registered for specification (1.11) among the three de-

trending methods is 3.71% for the EUR/USD!® cross rate (Table 6b) against 4.00% on the same

16 1t is not exactly the same currency since the authors use the Deutsche Mark instead of the Euro, but the Deutsche Mark is a widely accepted

proxy for the euro within the academia for periods before 1999.
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currency pair and 7.10% on the USD/NZD using linear time de-trending as seen in Adrian et
al. (2015). The model specification used by the authors has three more variables.

In order to have comparable results, the missing variables will be added in two additional
regressions. The authors use a time dummy variable that separates the sample observations in
two distinct periods. A period before the 2007-2008 financial crisis and a period after the crisis.
The regression in Adrian et al. (2015) also uses the dummy variable with interaction terms with
the liquidity variables. This happens because the authors may believe that following the
financial crisis of 2008 the effects of the liquidity variables on currency returns have changed.

To have closer results to the ones obtained in Adrian et al. (2015), two things must happen
with the introduction of these three variables. The additional variables will have to increase the
overall explanatory power of the regression, and through their interactions, they will have to
change the sign of the Log Repo in the time de-trended regressions and to change the sign of
Log Commercial Paper in the first difference de-trending.

Introducing a financial crisis’ dummy in the regression (1.12) to account for the structural
change in liquidity markets (Tables 7a, 7b, 7c and 7d) decreases the overall significance of the
regression when considering linear time de-trending at lag 1 and increases it for regressions that
use linear time de-trending at lag 2 and first differences. Individual significance of the
coefficient’s estimates decreases for linear time de-trending and is unchanged for first
differences.

For all countries studied (developed and emerging) the coefficient of the dummy variable
1s never statistically significant as it happens in Table 1 in Adrian et al. (2015), (with exception
for two countries). The author’s results present a positive sign for the estimate of the coefficient
which means that due to the crisis and considering everything else held at constant levels, the
Dollar would be expected to appreciate against the majority of the countries. In the current
sample the estimate for the coefficient of the Dummy variable seems to take more positive
values for developed countries and more negative values for emerging markets what makes
one’s suspect that the Dollar appreciated against currencies from developed countries and
depreciated against emerging markets. Figure 1 shows that around 2008 the dollar appreciated
against major currencies, and valued and then rapidly devalued against emerging markets.

In model (1.12), although introducing the dummy variable increases the value of the
coefficient of the Log Repo as it was expected, for most countries this increase is not enough
in magnitude to make the negative coefficients positive and sufficiently positive to make them
statistically significant. In fact, lots of coefficients lose negative statistical significance when

the dummy is added which in some cases leads to a decrease in the adjusted R-square of the
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regressions for linear time de-trending at lag 1 and 2. Although the estimate for the coefficient
of the dummy variable is never statistically significant, introducing the dummy variable
improves the general fit of the model (using first differences and linear time de-trending at lag
2, not at lag 1).

When model (1.13) is run the explanatory power of the overall regression does not seem
to increase for linear time de-trending at 1ag 1 (only nine countries of the twenty six have their
adjusted R-square increased, while the others are maintained or decrease). At lag 2 there is a
significant improvement of the overall fit of the model (fourteen of the twenty six regressions
see their adjusted R-square increase), and using first differences the improvement of adding
two more variables is evident, twenty of twenty six regressions improve their adjusted R-square
(Table 8a, 8b, and 8c). There is still not a single developed country for which the F-statistic is
statistically significant for the regressions with (1.13) using linear time de-trending at Lag 1.
Using de-trending at Lag 2 and first differences produces nine and fourteen statistical
significant regressions, respectively.!”

Although the addition of the interaction variables increased the overall fitting of the model
for linear time de-trending at lag 2 and when using first differences, the individual significance
of the estimates for the coefficients in (1.11) is not maintained in (1.13).

While introducing the three variables to the restricted model made the adjusted R-square
to increase, there is still a significant difference between the results of the present study and the

ones observed in Adrian et al. (2015).

7.1 Comparing the different results

Relevant differences are observed between Table 8-a and 8-b and Table 1 of Adrian et al.
(2015) presented in the Appendix of this thesis. The most striking discrepancies are the different
sign of the estimate of the coefficient for the Log Repo and the absence of statistical significance
for the positive estimate of the coefficient of the Log Commercial Paper. Also noticeable are
the positive sign of the coefficient for the interaction dummy with the Log Repo variable.
Lastly, the adjusted R-squares for the complete model (1.13) are slightly lower than those
reported in Adrian et al. (2015).

These discrepancies in results might stem from four identified sources. First, neither the

sample size nor the data time covered is the same. Second, the authors do not refer if any

17 The model using the residuals from Hodrick-Prescott filtering was abandoned since it did not produce any good results in
the previous models specifications.
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seasonal adjustment is made to the initial series of the liquidity aggregates. Third, the financial
Commercial Paper series used in this thesis had some reclassifications due to the methodology
changes imposed by the Federal Reserve. These modifications were introduced from 2006
onwards and affected the accounting of this liquidity aggregate. If the authors did not use the
same reclassification method as it was indicated by the Fed it is very likely that the results of
the de-trending will not be the same and hence the regressions will not yield the same results
(in Figure 3 and Figure 4 of this thesis it is possible to see that the de-trended series of the Log
of Commercial Paper is different in the two figures, while the de-trended series of the Log Repo
match almost perfectly). Fourth, the authors do not specify the number of observations used as
a training period for de-trending against a linear time vector.

While it is impossible to discover which method the authors have used to do the
reclassification of the Commercial Paper and to guess what is the length of the window used as
a training period in Adrian et al. (2015), it is possible, at least, to find out if using multiple lags
of the dependent variable allows to get closer results to the ones presented in Adrian et al.

(2015), for the significance of the estimates of the coefficients of the liquidity variables.

8.  Multi-lagged Regressions

In order to see if the poor results obtained previously (comparatively to Adrian et al.
(2015)), are caused by “bad luck” or might be explained by different values of the initial
aggregates, twelve OLS lagged regressions are run using model specifications (1.11), (1.12)
and (1.13), for the developed countries, using only linear time trend and first-differencing. The
first regression is made using 2 months lagged data, the second regression uses three month
lagged data and so forth.

In this section, simple OLS estimates are run, by opposition with the results presented in
the tables which are calculated using Newey-West point estimates (robust estimates for auto-
correlation and heterocedasticity). Two main reasons lead to this decision: the Matlab code is
much easier to “work around” using OLS estimates in order to extract the needed information
and the difference in magnitude between the estimates of the coefficients in the present thesis
and in Adrian et al. (2015) is so large, that the difference in the t-statistics between using
Newey-West estimates or not in the present study will not affect the conclusions. Moreover,
Newey-West estimates and OLS estimates yield the same adjusted R-square and therefore the

same F-statistic.
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The purpose of this section is to identify possible lags in the regressions in which the
value of t-statistics might increase suddenly (in absolute value). It is intended to assess if the
low explanatory power of the different models presented in the tables are due to the high
variability that t-statistics usually exhibit in predictive regressions, or if the low explanatory
power of the regressions can be explained by other factors.

Looking at pages 57 to 62 one can see that t-statistics have a smooth trajectory across lags
within a given model, but change a lot across different models, when linear time de-trending is
considered, whereas first differencing makes the t-statistics to be almost unchanged across
models and to take a wide range of values across different lags of the regressions within the
same model (although rarely cross the critical value that corresponds to the 10% significance
level).

Figure 14 and Figure 15 show low variability of t-statistics across lags and countries, in
the restricted model, and the sign for the estimate of the coefficient of the Log Repo remains
negative for all countries as it is presented in Table 6a, meaning that for this data sample the
Log Repo aggregate negatively explains U.S currency returns. Also, as expected, the
significance of the coefficients seems to be decreasing as the lag order is increased.

Figure 16 and figure 17 show a high variability of the t-statistic especially for the Log
Repo, for the restricted model using first differencing de-trending. The Log Commercial Paper
has high variability as well but loses significance rapidly for any country from lag 5 onwards,
with the estimates of the coefficients starting to converge to 0.

When adding a dummy'® variable to the restricted linear trend model, the values of Log
Commercial Paper behave similarly as in the restricted model, but the degradation of the
significance level occurs faster.

For the first lags, the introduction of a dummy variable drastically reduces the
significance level of the estimate for the coefficient of the Log Repo, and then makes its
significance level revive for the last lags.

Figure 20 and Figure 21 present identical pattern to the one of Figures 16 and 17 for t-
statistics of the coefficients of the Log Commercial Paper and Log Repo.

Under the complete model Figures 22 and 23 present a steady increase for the significance
of the Log Commercial Paper coefficient across lags and a slight decrease in the significance

of the Log Repo coefficient. Although the increase in significance is verifiable the absolute

18 The Figure of the Dummy variable is not presented since for the first lags the coefficient for the variable was
never statistically significant for the several models.
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values of the T-statistic are still small when compared to the results in Adrian et al. (2015)"°.
Moreover, under the three model specifications that used linear time de-trending the negative
sign for the estimate of the coefficient for the Log Repo was maintained for almost all countries
by opposition to the replicated paper.

The complete model using first differences (Figure 24 and Figure 25) present
deterioration of the significance levels of the Log Commercial Paper coefficient for the first
lags relatively to the previous models. The coefficients’ estimates for the Log Repo are also

generally less significant and vary less than in previous models.

9. Conclusion

The present thesis considered the preliminary hypothesis made in Adrian et al. (2015)
that liquidity funding could help to explain the behaviour of future U.S Dollar currency returns.
Although some explanatory power was found in the two liquidity aggregates chosen, the
interpretation of the results is different from the one presented in Adrian et al. (2015). Firstly,
stationarity problems were found in the output series produced with linear time de-trending.

When tested for a unit-root, the de-trended series presented evidence of behaving like a
random walk, and therefore inflating the predictive ability of OLS regressions and the
significance of its coefficients’ estimates. Nevertheless, the same regressions were run with less
satisfactory results than in the replicated paper. Moreover, the Log Repo aggregate negatively
predicted U.S Dollar returns for the current sample, which contradicts the initial claim that
increasing Repo aggregates would forecast a Dollar appreciation.

When alternative de-trending methods were used they were able to produce stationary
series, however, the explanatory power for one of the methods was inexistent. Using the
restricted model with first differences has shown some explanatory power but the negative sign
for the estimate of the coefficient for the Log Commercial Paper goes again against the
proposed claim.

Adding a dummy variable and a dummy variable with interaction terms has improved the
fitting of the models although the dummy variable is never statistically significant identically

to what happens in Adrian et al. (2015) using linear time de-trending.

19 In table 1 of Adrian et al. (2015), the T-statistics of the simple OLS estimates for the coefficients often take
values above 4, which did not happen in the present study. Therefore it can be concluded that if Newey-West
estimates would be calculated, they would not outperform those presented in Adrian et al. (2015).
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Performing multiple lagged-regressions did not change the previous conclusions with
linear time de-trending. The estimates for the coefficients presented lower t-statistics for every
lag than those reported in the replicated paper. Replicating the same regressions with first-
differences yielded poor results regarding the individual significance of the coefficients
estimates for the multiple lags. When using linear time de-trending, the t-statistics of predictive
regressions are stable across lags but vary a lot across models method whereas using first
differences the t-statistics are maintained almost unchanged across models but vary a lot across
lags. Liquidity aggregates having opposie signs for the two de-trending methods also reinforces
the idea that the models might be mis-specified. Although there seems to be some explanatory
power in the variables chosen, (especially for the Log Commercial Paper), it is hard to make a
definitive proposition on the effects that each variable has on future returns of the U.S Dollar.

The present thesis casts doubts on the results of the replicated paper since there seems to
exist misspecification and stability problems, in the model, and the de-trending method used in
both aggregates does not seem to be the most correct one. Moreoever, the current results were
obtained using a larger sample and more countries, which helps to corroborate the previous

conclusions.
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10. Glossary

Collateral —Financial guarantee delivered to the lender, by the borrower, that remains its
property until the financial transaction is concluded. Loans that are collateralized are less costly
to the borrowers than those which are not.

Collateral Swap — Financial instrument that allows institutions to trade collaterals with
different liquidity. The institution which receives the most liquid security has to pay a net fee

to the institution that receives the less liquid one.

Commercial Paper — Short term debt (with no collateral) that is issued by financial or non-

financial companies.

Conventional peg — Currency regime in which a currency of a country is tied to the value of

other single currency or a basket of currencies, which are considered to be “stronger”.

Currency returns — Return yielded on an investment in the foreign exchange market.

Default risk — Risk that one of the participants of a financial transaction does not meet its

financial obligations.

Derivatives — Financial instruments whose price is derived from another financial asset. Most

of the times derivatives have a leverage factor.

Dummy variable — Variable in a regression model which allows to study the effect of the

presence or absence of a specified characteristic in a data sample.

Exotic currencies — Currencies that are not from the group of major currencies and that are

perceived as risky investments.

Floating exchange rate — Exchange rate which is determined directly in the currency market

by demand and supply.
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Funding — Ability to raise cash or other liquid securities through one or multiple counterparties.
This operation will generate a liability on the balance sheet side of the party that is raising the

funds.

Hedging — Mitigation of price risk through the use of two or more positions with opposite

market exposures.

Liability — Financial obligation that establishes a relationship between a lender and a seller and

that derives from a legally binding contract.

Liquidity aggregates — Economic aggregates that reflect the funding ability/capacity of

institutions.

Market liquidity — Quality of a market that allows an agent to buy/sell a certain asset without

affecting its market price.

Normal distribution — A symmetric continuous probability distribution which is the most used
distribution in econometric research. Error terms in regression models are usually assumed to

be normally distributed.

Prime banks — Banks with a global activity which have preferential relationships with Central
banks and that are also responsible for providing market and funding liquidity to a given asset

class

Random walk — Non-stationary stochastic process such that the first difference of the process

is white noise.

Restricted model — A model that is nested in a larger model with more explanatory variables.

Roll-over — It is referred to as the possibility to renew the conditions of a financial agreement

on its maturity, with the same terms.

Value at risk — Risk measure that intends to calculate how much of a portfolio is probable to

lose in a given time period.
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11. List of abbreviations

AAA MBS — Triple A Mortgaged Backed Securities

AR (1) — Auto-regressive of order 1

CD’s — Certificates of Deposits

Fed — Board of Governors of the Federal Reserve

FX — Foreign Exchange

FOMC - Federal Open Market Comittee

GDP — Gross Domestic Product

HP — Hodrick Prescott

ICE — Intercontinental Exchange

ICMA — International Capital Markets Association

IMF — International Monetary Fund

KPSS test — Kwiatkowski, Phillips, Schmidt and Shin test
LIBOR — London Inter-office bank offered rate

OLS — Ordianry least squares

OTC — Over the Counter

Repo — Repurchasement agreement

SIFMA — Securities Industry and Financial Markets Association
T-bills — Treasury bills

U.S — United States
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12. APPENDIX
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COMMERCIAL
CRITERIA DISCOUNT WINDOW FED FUND’S RATE LIBOR REPO
PAPER
Several maturities
MATURITY Overnight Overnight Several maturities Several Maturities
until 270 days
Federal Reserve/NY
RESPONSIBILITY | Federal Reserve Federal Reserve / FOMC Fed ICE New York Federal Reserve
e
Treasuries + State and local
issued securities + Consumer Treasuries + MBS’s +
COLLATERAL ) MBS’s and Treasuries Unsecured Debt Unsecured debt »
and commercial loans, CD’s Corporate Bonds + Equities
and AAA MBS’s
Two rates: Target rate determined ~ Depends on the Average rate offered by 16
RATE Fed Fund’s target rate + 0.5% by policymakers and Overnight credit quality ofthe  large banks on interbank Market determined
Rate determined in the market borrower loans
ELIGIBILITY
o Allows financial e Do liquidity management
and non-financial e Pricing credit derivatives e Allows banks to enter in
) companies to raise e Give banks a hint on how several investment
o Lender of last resort o Allow banks to comply with . .
FUNCTION o i funds without much to charge for a loan strategies
e Signaling bad banks minimum reserve requirements . . )
filing with the requested by a prime e Enhances overall liquidity
SEC bank of the market

Table 1 — Major Banks’ funding mechanisms
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Figure 12- Cumulative performance of the US Dollar against the Spot foreign exchange rates of the ten most traded currencies
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Cross rates I?e \tlle;n Desitfiion Skewness Kurtosis Median Maximum Minimum 1% Quartile 3 Quartile Qﬁl:[:tglie Jarque-Bera Cum.Return ?{zrtl;ﬂ Sél:g;e
USD/AUD 0.04% 3.50% 0.80""" 6.41""" -0.09% 19.56% -8.39% -2.20% 2.01% 421% 166.26™" -6.57% -0.29% -0.02
USD/CAD -0.01% 2.44% 0.78"" 7.56"" 0.02% 14.36% -1.77% -1.52% 1.42% 2.94% 273.00"" -9.17% -0.41% -0.05
USD/CHF -0.07% 3.05% -0.06 443" 0.03% 12.63% -12.37% -1.95% 2.08% 4.04% 24.13" -27.16% -1.34% -0.13
USD/DKK 0.04% 2.85% 0.28" 3.89"" -0.11% 10.56% -8.79% -1.73% 1.66% 3.39% 13.10"" -0.79% 0.00% 0.00
USD/EUR 0.04% 2.81% 0.32" 4.03"" -0.11% 10.77% -8.72% -1.74% 1.62% 3.36% 17.29"* 0.00% 0.00% 0.00
USD/GBP -0.01% 2.52% -0.46"" 6.27""" -0.06% 7.73% -13.95% -1.33% 1.53% 2.86% 135.09"" -12.39% -0.56% -0.06
USD/IPY 0.07% 3.28% -0.29™ 440" 0.25% 11.27% -14.08% -1.71% 2.03% 3.74% 26.89"" 5.00% 0.21% 0.02
USD/NOK 0.11% 3.17% 0.40"" 4.19™ -0.04% 13.87% -6.95% -1.77% 2.12% 3.89% 2432 17.78% 0.70% 0.06
USD/NZD 0.00% 3.66% 0.60""" 5.07"" 0.27% 15.27% -12.25% -2.21% 1.82% 4.03% 66.97""" -16.29% -0.75% -0.06
USD/SEK 0.07% 3.11% 0.18 3.64"" 0.12% 11.78% -8.68% -1.67% 2.06% 3.73% 635" 6.54% 0.27% 0.03
N 282

Table 2- Descriptive statistics of the monthly returns of the US Dollar against the most liquid currencies. The period of observation goes from July 1994 until December

2017. Tests of the hypothesis are bilateral and *, **, *** corresponds to a p-value of 10%, 5%, and 1%, respectively.

Cross rates l?e \tlleul:n Desitiion Skewness Kurtosis Median Maximum Minimum Qu}:ﬁle Quzr:tile Q;::gl;e ngg::— Cum.Return %I:;S:r: S]?:;,];e
USD/BANG 0.27%*** 1.11% 2.34™ 16.21™ 0.00% 6.60% -3.80% -0.01% 0.27% 0.28% 2309.40™" 110.57% 3.21% 0.83
USD/HKD 0.00% 0.12% -0.84™" 12.32™ 0.00% 0.60% -0.80% -0.02% 0.04% 0.06% 1.06% 0.00% 0.11
USD/HUF 0.40%* 3.81% 1.25"" 8.25™" 0.15% 21.70% -10.40% -1.77% 2.32% 4.09% 397.56™" 152.28% 4.00% 0.30
USD/IND 0.89%** 7.50% 3.98™" 33.62"" 0.28% 62.80% -28.10% -0.98% 1.55% 2.54% 11762.00™" 526.58% 8.09% 0.31
USD/INR 0.27%** 2.01% 0.61"" 6.33"™" 0.05% 8.70% -6.90% -0.61% 0.98% 1.59% 147.74™ 103.47% 3.06% 0.44
USD/MXN 0.71%*** 4.42% 1.42" 38.62""" 0.13% 43.30% -11.80% -1.38% 1.89% 3.27% 15826.00""" 477.58% 7.72% 0.50
USD/MYR 0.18% 2.23% 1.57" 1597 0.00% 16.60% -9.40% -0.49% 0.66% 1.15% 2094.10™" 56.98% 1.93% 0.25
USD/PHP 0.25% 2.34% 1.98™" 19.81°" 0.09% 18.50% -10.70% -0.84% 1.04% 1.87% 3504.30""" 86.20% 2.67% 0.33
USD/REAL 0.60%* 6.38% 5.15™" 54.85™" 0.47% 70.50% -17.40% -1.91% 1.67% 3.58% 32831.00™" 231.71% 5.22% 0.24
USD/SGD -0.03% 1.69% 0.52"" 5.96™" -0.09% 8.40% -5.60% -0.90% 0.84% 1.74% 115.40™" -12.37% -0.56% -0.10
USD/TAI 0.05% 1.50% 1.16™ 9.18™" 0.00% 9.60% -4.50% -0.77% 0.64% 1.42% 511.90™" 10.84% 0.44% 0.08
USD/THAI 0.13% 2.99% 2.33"™ 23.54™ -0.08% 23.40% -15.40% -0.94% 0.85% 1.78% 5212.70""" 29.24% 1.09% 0.11
USD/TRY 1.82%*** 4.82% 2.36™" 20.84™ 1.57% 42.50% -10.10% -1.04% 4.53% 5.57% 4002.10™ 12037% 22.57% 1.35
USD/WON 0.17% 3.92% 5.58™" 62.79"" -0.10% 44.70% -12.20% -1.30% 1.35% 2.65% 43467.00""" 35.12% 1.28% 0.09
USD/ZAR 0.53%** 4.48% 0.68™" 4.54™ 0.17% 19.00% -10.90% -2.08% 2.74% 4.82% 49.40™ 238.95% 5.31% 0.34
USD/ZLTY 0.23% 3.73% 0.73"* 5.14™ 0.03% 17.4% -9.00% -1.90% 1.84% 3.74% 78.47"" 57.71% 1.95% 0.15
N 282

Table 3- Descriptive statistics of the monthly returns of the US Dollar against emerging market currencies. The period of observation goes from July 1994 until December

2017. Tests of the hypothesis are bilateral and *, **, *** corresponds to a p-value of 10%, 5%, and 1% respectively.
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Cross Rates USD/AUD USD/CAD USD/CHF  USD/DKK  USD/EUR USD/GBP USD/JPY  USD/SEK  USD/NOK USD/NZD

USD/AUD 1

USD/CAD 0.68" 1

USD/CHF 0.46" 0.29" 1

USD/DKK 0.59" 0.46" 0.83" 1

USD/EUR 0.60" 0.47 0.82" 0.99 1

USD/GBP -0.22" -0.15 -0.23" -0.30" -0.31° 1

USD/JPY 0.09 0 0.05 0.05 0.05 -0.01 1

USD/SEK 0.61" 0.57 0.66" 0.80" 0.80" -0.22° 0.08 1

USD/NOK 0.81" 0.57 0.53" 0.62" 0.62" -0.27 0.13 0.55" 1

USD/NZD 0.65" 0.56" 0.68" 0.84" 0.85" -0.28" 0.10 0.82" 0.63" 1
N 282

Table 3a- Cross Correlation's Matrix for Developed Countries based on monthly returns between July 1994 until December 2017. The * represents the bilateral hypothesis test at 1%

significance level, that the Coefficient of Correlation is equal to zero against the alternative hypothesis that it is different from zero. Most countries reject the null hypothesis.
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CROSS RATES  USD/BANG  USD/HKD USD/HUF USD/IND USD/INR USD/MXN  USD/MYR USD/PHP  USD/REAL  USD/SGD USD/TAI USD/THAI ~ USD/TRY  USD/WON  USD/ZAR  USD/ZLTY
USD/BANG 1
USD/HKD 0.13 1
USD/HUF 0.11 0.11 1
USD/IND -0.08 0.00 0.11 1
USD/INR 0.04 0.05 0.44" 0.12 1
USD/MXN -0.01 0.10 0.30 0.09 0.29 1
USD/MYR 0.01 0.11 0.24" 0.49" 0.29 0.16 1
USD/PHP 0.00 0.06 0.14 0.49" 0.20 0.08 0.50 1
USD/REAL 0.04 0.04 0.22 0.12 0.28" 0.24 0.12 0.06 1
USD/SGD -0.01 0.15 0.60" 0.40° 0.46 0.25" 0.51° 0.35" 0.32° 1
USD/TAI -0.03 0.12 0.26 0.31° 0.30 0.13 0.52" 0.34 0.05 0.39 1
USD/THAI 0.01 0.07 0.18 0.51" 0.15 0.04 0.62" 0.64" 0.07 0.40 0.48" 1
USD/TRY 0.05 -0.01 0.40° 0.14 0..34 0.28" 0.18 0.05 0.32° 0.34 0.10 0.12 1
USD/WON 0.00 0.06 0.26 0.55" 0.28* 0.13 0.53" 0.57" 0.08 037 0.53" 0.57" 0.18 1
USD/ZAR 0.00 0.08 0.48" 0.17 0.40 0.23 0.22 0.14 0.26 0.50 0.17 0.12 0.35° 0.18 1
USD/ZLTY 0.05 0.20 0.54" 0.12 0317 0.28" 0.26 0.16 0.17 0.40 0.18 0.25" 0.30 0.28" 0.28" 1
N 282

Table 3b- Cross Correlation's Matrix for Emerging Market Currencies based on monthly returns between July 1994 until December 2017. The * represents the bilateral hypothesis test at 1%

significance level that the Coefficient of Correlation is equal to zero against the alternative hypothesis that it is different from zero. However almost half of the countries reject the null hypothesis,

the Coefficients of Correlation are fairly low. A 0.25 Coefficient suffices to reject the null. Apart from that, another limitation of this test is that it assumes the normality of the data, which is not the

case for the sample in the study.
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LINEAR TIME-TREND VARIABLES
LOG REPO LOG COMMERCIAL PAPER
HYPOTHESIS TESTING
TEST VALUE OF P-VALUE VALUE OF P-VALUE
STATISTIC STATISTIC
DICKEY FULLER TEST o Tests for a umt root assuming the data series follpws an AR(1) process. Rejecting the -0.96 030 -1.88° 0.06
null hypothesis shows evidence of a stationary series.
AUGMENTED DICKEY o Tests if the data series have an ARMA (p,q) structure. Rejecting the null hypothesis -0.60 037 153 0.20
FULLER TEST (LAG 12) shows evidence of a stationary series. ’ ‘ ' ’
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process. Rejecting the «
. . . . -0.96 0.30 -1.87 0.06
AR(1) null hypothesis shows evidence of stationary series: J < 1.
PHILIPPE PERRON TEST e Tests for a unit root assuming the data series follows an AR(1) process with drift. 141 055 2697 0.08
AR(1) WITH DRIFT Rejecting the null hypothesis shows evidence of stationary series: J < 1. ' ' ' ’
PHILIPPE PERRON TEST . ;ljests tfor (’;1 lﬁnt ro;)t astiumml% Lhe dtaﬁa §er1<}3}s follovs./(si an AREI)t pro(;:eistyvltz drlsitr?:sc.l z g 0.50 03 ols
TREND STATIONARY <mlle end. Rejecting the null hypothesis shows evidence of a trend stationary : . . . b
e Tests for a unit root assuming under the null hypothesis that the series follows a trend - 1 oa*
KPSS TEST stationary process. Rejecting the null hypothesis signals that the process is not stationary. 4.43 0.01 1.94 0.06

Table 4a - Testing stationarity of the residuals of linear time de-trending. The two liquidity aggregates comprise all 282 observations from July 1994 until December 2017. *, **,

*** accounts for 10%, 5% and 1% significance levels, respectively. All tests point out for non-stationary series for both liquidity aggregates.
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HODRICK-PRESCOTT VARIABLES
LOG REPO LOG COMMERCIAL PAPER
TEST HYPOTHESIS TESTING VALUE OF VALUE OF
STATISTIC P-VALUE STATISTIC P-VALUE

DICKEY FULLER TEST o Tests for a unit root assuming the dgta series f_ollows an AR(1) process. Rejecting the null 627 <0.001 571 <0.001

hypothesis shows evidence of a stationary series.
AUGMENTED DICKEY o Tests if the data series have an ARMA (p,q) structure. Rejecting the null hypothesis shows 519" <0.001 468" <0.001
FULLER TEST (LAG 12) evidence of a stationary series. ' ’ ' '
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process. Rejecting the null . -

. . . . -6.27 0.00 -5.71 0.00

AR(1) hypothesis shows evidence of stationary series: 6 < 1.
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process with drift. 6.26™ 0.00 570 0.00
AR(1) WITH DRIFT Rejecting the null hypothesis shows evidence of stationary series: 8 < 1. ’ ' ' '
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process with drift and a time 625" 0.00 5,68 0.00
TREND STATIONARY trend. Rejecting the null hypothesis shows evidence of a trend stationary series: 8 < 1. ’ ' ’ '
KPSS TEST . Tes?s for a unit root gssqming under the null'hypothesis that the series follows'a trend 016™ 004 013° 007

stationary process. Rejecting the null hypothesis signals that the process is not stationary.

Table 4b - Testing stationarity of the residuals resulting from filtering the data with Hodrick Prescott. The two liquidity aggregates comprise all 282 observations from July 1994

until December 2017. *, ** *** gccounts for 10%, 5% and 1% significance levels, respectively. Only KPSS test seems to capture some degree of non-stationarity in both series.
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FIRST DIFFERENCES VARIABLES
LOG REPO LOG COMMERCIAL PAPER
TEST HYPOTHESIS TESTING VALUE OF VALUE OF
STATISTIC P-VALUE STATISTIC P-VALUE

o Tests for a unit root assuming the data series follows an AR(1) process. Rejecting the null s s
DICKEY FULLER TEST hypothesis shows evidence of a stationary series. -20.66 <0.001 -17.91 <0.001
AUGMENTED DICKEY o Tests if the data series have an ARMA (p,q) structure. Rejecting the null hypothesis shows . .
FULLER TEST (LAG 12) evidence of a stationary series. -3.73 <0.001 -4.74 <0.001
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process. Rejecting the null
AR(1) hypothesis shows evidence of stationary series: & < 1. -20.66 0.00 -5.71 0.00
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process with drift. Rejecting
AR(1) WITH DRIFT the null hypothesis shows evidence of stationary series: 6 < 1. -20.81 0.00 -5.70 0.00
PHILIPPE PERRON TEST o Tests for a unit root assuming the data series follows an AR(1) process with drift and a . -
TREND STATIONARY time trend. Rejecting the null hypothesis shows evidence of a trend stationary series: & < 1. -21.00 0.00 -5.68 0.00

e Tests for a unit root assuming under the null hypothesis that the series follows a trend
KPSS TEST stationary process. Rejecting the null hypothesis signals that the process is not stationary. 0.06 0.11 0.04 0.11

Table 4c - Testing stationarity of the first differencing of the two series. The two liquidity aggregates comprises 281 observations from July 1994 until December 2017. *, ** ***

accounts for 10%, 5% and 1% significance levels, respectively. Every test show evidence that both series are stationary.
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Model 1: yi+i= o+ fiLog Repo: + f2Log Com.Paper: + e;+i

LINEAR TIME TREND (LAG 1) LINEAR TIME TREND (LAG 2)

E;@%}iﬁl\é‘g{?ﬁ Constant Log Repo Log Com. Paper R-square F-Stat Constant Log Repo Log Com. Paper R-square F-Stat
USD/AUD 0.91 -2.13" 2.34" 0.97% 239" 1.34 -3.08"" 333" 3.18% 5.59""
USD/CAD 0.26 -1.95 1.62 0.51% 1.73 0.59 -2.58" 2.66"™ 1.89% 3.69"
USD/DKK -0.07 -1.84 0.87 0.37% 1.52 0.55 -2.44™ 1.95" 1.34% 291"
USD/CHF -0.18 -1.29 0.80 0.00% 0.57 0.18 -1.40 1.34 0.00% 091
USD/EUR -0.07 -1.84° 0.87 0.46% 1.65 0.62 2,517 2.05™ 1.53% 3.18"™
USD/GBP -0.28 1.89" -1.52 0.20% 1.28 -1.00 2.53" -3.06™" 1.55% 321"
USD/IPY 0.44 -1.07 0.98 0.00% 0.53 0.36 -0.69 0.55 0.00% 0.21
USD/NOK 0.62 -2.35" 1.817 1.28% 2.82" 0.94 -3.03™" -2.60"™" 2.54% 4.66™
USD/NZD 0.80 -1.80%* 2.11" 0.63% 1.89 1.29 257" 3.09"" 2.55% 465"
USD/SEK 0.69 -2.15™ 1.80° 0.69% 1.97 1.13 -3.00™" 2,97 2.51% 461"

N 282 282

Table 6a - One month and two month ahead forecasts of currency returns for the most liquid currencies using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags. The dependent variable is the monthly currency return and the two independent variables are the
liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. Liquidity aggregates of Log Repo and Log of Commercial
Paper were de-trended in respect to a linear time vector. The problems of de-trending in order to a linear time trend are described in Nelson and Kang (1984) and are
briefly addressed in chapter three of this thesis. Sample observations comprise 282 monthly observations from the period July 1994 until December 2017. ***, ** and, *

indicates significance at the 1 percent, 5 percent, and 10 percent levels, respectively.
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Model 1: y;+1= Bo + BiLog Repo; + B2Log Com.Paper: + e+

FIRST DIFFERENCES (LAG 1) HODRICK PRESCOTT FILTER (LAG 1)

E;@%ﬁ%%ﬁ:gm Constant Log Repo Log Com.Paper R-square F-Stat Constant Log Repo Log Com.Paper R-square F-Stat
USD/AUD 0.22 0.30 -1.94 1.90% 3.72" 0.19 0.70 1.40 0.82% 217
USD/CAD -0.12 1.40 -1.37 0.92% 230 -0.07 1.52 1.19 1.44% 3.05"
USD/DKK 0.39 -0.97 -2.30" 3.31% 5.80"" 0.22 -0.75 -0.29 0.00% 0.65
USD/CHF -0.19 -1.63 -1.25 1.40% 2.99" -0.06 -0.61 -1.09 0.00% 0.42
USD/EUR 0.42 -1.06 237" 3.71% 6.39™ 0.24 -0.84 -0.20 0.00% 0.76
USD/GBP -0.24 0.07 2.89™ 1.90% 371" -0.06 -0.61 -1.09 0.02% 1.04
USD/IPY 0.43 -0.88 1.23 0.00% 0.71 0.35 -0.22 0.70 0.00% 0.17
USD/NOK 0.59 0.06 -1.58 0.66% 1.93 0.55 0.02 1.07 0.00% 0.59
USD/NZD 0.10 -0.01 -1.81" 1.84% 3.62" 0.00 0.96 0.53 0.00% 1.03
USD/SEK 0.40 0.02 2117 221% 4.16™ 0.37 -0.18 0.92 0.00% 0.64

N 281 282

Table 6b - One month ahead forecasts of currency returns for the most liquid currencies using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables
are the liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. Liquidity aggregates of Log Repo and Log of
Commercial Paper were de-trended using first-differencing and the Hodrick-Prescott filter. Sample observations comprise 281 and 282 monthly observations for the
first differences and for the Hodrick-Prescott filter, respectively, from the period July 1994 until December 2017. *** ** and, * indicates significance at the 1 percent,
5 percent, and 10 percent levels, respectively. The R-squared presented are adjusted R-squares. Moreover, the 0.00% adjusted R-squares means that these regressions

have yielded a negative adjusted R-squares and therefore are useless.
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Model 2: yi+1= fo+ piLogRepo: + f2LogCom.Paper; + f3DummyCrisis; + e+

LINEAR TIME TREND (LAG 1) LINEAR TIME TREND (LAG 2)
%CHANGE IN
EXCRIi/;I;GE Constant Log Repo Log Com.Paper Dummy 2008  R-square | F-Stat | Constant  Log Repo Log Com.Paper Dummy 2008 R-square F-Stat
USD/AUD 0.63 -0.33 227" 0.34 0.80% 1.75 1.03 -0.37 2.98" 0.62 3.40% 428"
USD/CAD -0.32 -0.14 191 0.86 0.69% 1.65 0.00 -0.42 2.84" 0.86 2.12% 3.02"
USD/DKK 0.15 -1.04 0.71 -0.33 0.11% 1.10 0.43 -0.91 1.85 0.19 1.02% 1.96
USD/CHF 0.13 -1.10 0.60 -0.58 0.00% 0.55 0.08 -0.55 1.34 0.20 0.00% 0.62
USD/EUR 0.20 -1.07 0.75 -0.35 0.22% 1.21 0.50 -0.94 1.93" 0.19 1.21% 2.14°
USD/GBP 0.58 -0.20 -1.89° -1.06 0.79% 1.75 -0.05 -0.07 -3.28™ -1.21 2.53% 3.43™
USD/IPY 0.82 -1.48 0.68 -1.13 0.00% 091 -0.56 -0.87 0.36 -0.66 0.00% 0.35
USD/NOK 0.47 -0.67 1.76" 0.20 0.98% 1.92 0.66 -0.67 241" 0.48 2.49% 3.38"
USD/NZD 0.31 -0.12 2.38" 0.72 0.66% 1.62 0.69 -0.15 3.23™" 1.02 3.02% 3.91™"
USD/SEK 0.48 -0.47 1.78" 0.27 0.42% 1.39 0.77 -0.48 2.78™ 0.63 2.61% 3.50"
N 282 281

Table 7a - One month and two month ahead forecasts of currency returns for the most liquid currencies using simple OLS Estimates corrected for auto-correlations
and heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables
are the liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. A dummy variable term is introduced here in
order to correct for the possible regime exchange in exchange rates after the severe liquidity crisis in 2008. Liquidity aggregates of Log Repo and Log of Commercial
Paper were de-trended in respect to a linear time vector. The problems of de-trending in order to a linear time trend are described in Nelson and Kang (1984) and
are briefly addressed in chapter three of this thesis. Sample observations comprise 282 monthly observations from the period July 1994 until December 2017. ***
** and, * indicates significance at the 1 percent, 5 percent, and 10 percent levels, respectively. The R-squares presented in the tables are adjusted R-squares.

Moreover, the 0.00% adjusted R-squares means that these regressions have yielded a negative adjusted R-squares and therefore are useless.
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Model 2: yi+1= po+ 1 LogRepo, + p2 LogCom.Paper: + 3 DummyCrisis; + er+1

FIRST DIFFERENCES (LAG 1) HODRICK PRESCOTT (LAG 1)
%CHANGE IN
EX%?EIGE Constant Log Repo Log Com.Paper Dummy 2008  R-square | F-Stat | Constant Log Repo Log Com.Paper Dummy 2008 R-square F-Stat
USD/AUD -0.23 0.39 -1.95" 0.54 1.67% 2.58" -0.41 0.71 1.42 0.64 0.64% 1.61
USD/CAD -1.39 1.62 -1.28 1.65 1.47% 2.39° 1.21 1.57 1.22 1.43 1.77% 2.69°
USD/DKK -0.07 -0.86 -2.28" 0.55 3.08% 3.96™" -0.46 -0.77 -0.27 0.89 0.00% 0.73
USD/CHF -0.03 -1.62 -1.26 -0.16 1.05% 1.99 -0.38 -0.50 -0.55 0.15 0.00% 0.29
USD/EUR -0.03 -0.95 -2.35" 0.53 3.46% 435" -0.47 -0.87 -0.18 0.90 0.00% 0.82
USD/GBP 0.84 -0.10 2917 -1.25 2.06% 297" 1.30 -0.62 -1.11 -1.52 0.54% 1.51
USD/JPY 0.42 -0.94 1.19 -0.14 0.00% 0.48 -0.42 -0.22 0.69 -0.25 0.00% 0.13
USD/NOK -0.48 0.30 -1.52 1.30 0.94% 1.89 -0.56 0.07 1.10 1.28 0.03% 1.03
USD/NZD -0.24 0.06 -1.79 0.44 1.56% 248" -0.51 0.97 0.54 0.66 0.00% 0.84
USD/SEK -0.19 0.13 213" 0.77 2.07% 2.98" -0.37 0.18 0.94 0.87 0.00% 0.72
N 281 282

Table 7b - One month ahead forecasts of currency returns for the most liquid currencies using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables
are the liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. A dummy variable term is introduced here in
order to correct for the possible regime exchange in exchange rates after the severe liquidity crisis in 2008. Liquidity aggregates of Log Repo and Log of Commercial
Paper were de-trended using first-differencing and the Hodrick-Prescott filter. Sample observations comprise 281 and 282 monthly observations for the first
differences and for the Hodrick-Prescott filter, respectively, from the period July 1994 until December 2017. ***, ** and, * indicates significance at the I percent, 5
percent, and 10 percent levels, respectively. The R-squared presented are adjusted R-squares. Moreover, the 0.00% adjusted R-squares means that these regressions

have yielded a negative adjusted R-square and therefore are useless.
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Model 2: yi+i = fo+ p1 LogRepo: + f2 LogCom.Paper; + f3:DummyCrisis; + e+

LINEAR TIME TREND (LAG 1) LINEAR TIME TREND (LAG 2)
%CHANGE IN Log Log
EXCRIi/;I;GE Constant Log Repo Comitema Dummy 2008 R-square | F-Stat | Constant Log Repo Comitea Dummy 2008 R-square F-Stat
USD/BANG 3.65™ 0.09 -0.95 -2.23" 0.15% 1.01 3.85™" 0.46 -0.25 -0.90 0.00% 0.61
USD/HKD 1.18 -1.21 0.50 -0.95 0.00% 0.63 1.61 -1.66* 0.66 -1.16 0.28% 1.26
USD/HUF 226" -0.85 1.07 -0.35 0.00% 0.85 2.98"" -0.94 236" -0.07 1.96% 2.87"
USD/IND 1.43 -0.29 1.37 -0.37 0.00% 0.65 1.43 -0.31 1.52 -0.32 0.00% 0.68
USD/INR 0.82 1.04 0.54 1.55 0.15% 1.14 1.34 0.60 1.40 1.42 0.57% 1.53
USD/MXN 1.69* -0.42 1.04 -0.23 0.00% 0.42 1.95% -0.49 1.88" 0.01 0.23% 1.21
USD/MYR 0.90 -1.04 0.70 -0.58 0.00% 0.55 1.08 -1.21 1.72° -0.27 0.35% 1.33
USD/PHP 0.83 0.44 0.09 0.23 0.00% 0.13 1.03 0.10 0.52 0.09 0.00% 0.16
USD/REAL 1.18 -1.01 -0.23 -0.86 0.01% 1.01 1.35 -0.87 0.32 -0.55 0.00% 0.63
USD/SGD 0.19 -0.96 0.54 -0.58 0.00% 0.48 0.53 -1.20 1.64 -0.38 0.30% 1.28
USD/TAI 1.05 -0.17 1.01 -0.15 0.00% 0.71 1.38 -0.85 1.72° -0.41 0.66% 1.62
USD/THALI -0.85 -1.04 0.86 -0.80 0.00% 0.56 0.94 -1.34 1.40 -0.73 0.00% 0.86
USD/TRY 5.26™ -1.64 -1.46 -1.61 2.94% 3.84™ 5.517 -1.91° 2.29" -1.51 4.71% 5.61""
USD/WON 0.28 1.35 1.14 1.28 0.32% 1.30 0.55 0.89 2.06" 1.07 0.53% 1.49
USD/ZAR 2.45™ -0.52 1.40 0.09 0.00% 0.95 2.89"" -0.60 2.01™ 0.21 1.06% 2.00
USD/ZLTY 0.49 -0.35 -0.03 -0.08 0.00% 0.29 1.14 -0.66 1.11 -0.06 0.00% 0.95
N 282 281

Table 7c - One month and two month ahead forecasts of currency returns for emerging market currencies using simple OLS Estimates corrected for auto-correlations
and heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables
are the liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. A dummy variable term is introduced here in order
to correct for the possible regime exchange in exchange rates after the severe liquidity crisis in 2008. Liquidity aggregates of Log Repo and Log of Commercial Paper
were de-trended in respect to a linear time vector. The problems of de-trending in order to a linear time trend are described in Nelson and Kang (1984) and are briefly
addressed in chapter three of this thesis. Sample observations comprise 282 monthly observations from the period July 1994 until December 2017. *** ** and, *
indicates significance at the 1 percent, 5 percent, and 10 percent levels, respectively. The R-squared presented are adjusted R-squares. Moreover, the 0.00% adjusted

R-squares means that these regressions have yielded a negative adjusted R-square and therefore are useless.
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Model 2: ye1 = o + 1 LogRepo: + 2 LogCom.Paper: + 3 DummyCrisis; + e;+;

FIRST DIFFERENCES (LAG 1) HODRICK-PRESCOTT (LAG 1)
%CHANGE IN Log Com.
EX%?EGE Constant Log Repo - Dummy 2008  R-square F-Stat Constant  Log Repo Log Com.Paper Dummy 2008 R-square F-Stat
USD/BANG 447 -1.23 -1.74 -1.88" 1.98% 2.88" 436™ -0.22 -0.77 -1.45 0.00% 0.97
USD/HKD 0.53 1.43 -0.26 -0.16 0.00% 0.61 0.66 -1.01 0.59 -0.27 0.00% 0.40
USD/HUF 1.78 0.04 -2.40" -0.25 4.10% 5.00"" 1.53 -0.13 -0.34 0.14 0.00% 0.08
USD/IND 1.33 0.32 0.03 -0.88 0.00% 0.35 1.49 1.67* -0.68 -1.04 1.60% 2.53"
USD/INR 1.29 1.08 -2.08" 091 1.56% 248" 1.19 2.46" -0.48 1.11 2.33% 3.23"
USD/MXN 1.79" 0.09 -2.93™ -0.58 0.48% 1.45 1.84* 0.20 0.13 -0.46 0.00% 0.11
USD/MYR 0.81 0.28 -2.38" 0.01 1.04% 1.98 0.73 0.93 -0.68 0.13 0.00% 0.64
USD/PHP 1.01 1.03 -0.77 -0.27 0.00% 0.53 1.11 1.80 -0.45 -0.36 0.72% 1.68
USD/REAL 1.28 -1.07 1.52 -0.15 0.00% 0.89 1.05 -0.66 0.33 0.12 0.00% 0.26
USD/SGD -0.20 0.78 -1.89° -0.05 1.01% 1.95 -0.26 0.41 0.06 0.01 0.00% 0.11
USD/TAI 0.54 3.34™ -1.57 -0.51 2.51% 341" 0.86 1.17 0.62 -0.86 0.71% 1.67
USD/THAI 0.67 0.34 -1.39 -0.62 0.00% 0.46 0.69 0.52 0.08 -0.65 0.00% 0.30
USD/TRY 4.52" 0.53 -2.33" -2.28" 2.32% 3.22" 4.49™ -0.05 0.79 -2.03" 1.21% 214
USD/WON 0.35 2.017 -1.68" 0.02 0.71% 1.66 0.46 2.12" -1.03 -0.05 3.03% 3.93™
USD/ZAR 1.70° -0.41 -1.76* -0.34 0.31% 1.29" 1.51 0.89 0.84 0.02 0.00% 0.89
USD/ZLTY 0.43 1.29 -2.06" 0.64 2.28% 317" 0.43 0.39 -1.01 0.61 0.00% 0.65
N 281 282

Table 7d - One month ahead forecasts of currency returns for the emerging market currencies using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables are the
liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. A dummy variable term is introduced here in order to correct
for the possible regime exchange in exchange rates after the severe liquidity crisis in 2008. Liquidity aggregates of Log Repo and Log of Commercial Paper were de-trended
using first-differencing and the Hodrick-Prescott filter. Sample observations comprise 281 and 282 monthly observations for the first differences and for the Hodrick-Prescott
filter, respectively, from the period July 1994 until December 2017. *** ** and, * indicates significance at the I percent, 5 percent, and 10 percent levels, respectively. The
R-squared presented are adjusted R-squares. Moreover, the 0.00% adjusted R-squares means that these regressions have yielded a negative adjusted R-square and therefore

are useless.
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Model 3: yi1 = fo+ f1 LogRepo; + B2 LogCom.Paper; + f3 DummyCrisis; + 34 LogRepo; x DummyCrisis; + fs LogCom.Paper;x DummyCrisis; + e+

LINEAR TIME TREND (LAG 1)

% CHANGE IN EXCHANGE RATE Constant Log Repo Log Commercial Paper Dummy 2008 ];“;i E;pZOO())(S Log Cgﬁlrﬁlg;?égg per X R-square F-stat
DEVELOPED COUNTRIES
USD/AUD 0.81 -1.38 1.57 0.45 0.38 0.64 0.37% 1.21
USD/CAD -0.52 -1.00 0.34 1.12 1.22 0.46 0.62% 1.35
USD/DKK 0.78 -2.40™ 0.74 -0.18 -0.72 1.54 0.49% 1.28
USD/CHF 0.55 -1.73" 0.71 -0.45 -0.60 -1.22 0.00% 0.63
USD/EUR 0.93 -2.56" 0.79 -0.19 -0.75 1.63 0.77% 1.44
USD/GBP 0.12 1.50 -1.07 -1.15 -0.07 -1.32 0.70% 1.40
USD/IPY -0.46 0.32 0.96 -1.63 -0.24 -1.24 0.00% 0.97
USD/NOK 0.76 -2.22" 0.95 0.37 0.35 0.82 0.69% 1.39
USD/NZD 0.79 -1.51 1.68 0.85 -0.26 1.29 0.58% 1.33
USD/SEK 0.98 -1.87" 1.32 0.43 -0.03 1.18 0.49% 1.25
EMERGING COUNTRIES
USD/BANG 4.34™ -0.19 0.07 -2.48" -1.14 0.67 0.05% 1.03
USD/HKD 1.26 -0.84 0.27 -0.82 0.09 -0.02 0.00% 0.38
USD/HUF 3.74™ -2.95™ 1.72 -0.26 -1.22 1.73" 0.89% 1.51
USD/IND 1.34 -0.02 1.41 -0.67 -1.11 0.03 0.00% 0.46
USD/INR 1.74 -2.32" 0.12 2.16" -0.28 2.88"" 1.70% 1.97"
USD/MXN 1.56 -1.07 0.43 0.03 0.24 0.89 0.00% 0.48
USD/MYR 0.77 -1.65 -0.30 -0.18 0.93 0.41 0.00% 0.53
USD/PHP 0.78 -0.80 -1.20 1.31 1.77 1.09 0.15% 1.08
USD/REAL 1.30 -1.93 -1.58 -0.06 1.69" 1.65 3.16% 2.83"
USD/SGD 0.31 -1.95" -0.25 -0.19 0.58 1.00 0.00% 0.56
USD/TAI 0.74 0.85 1.15 -0.31 0.02 -1.02 0.00% 0.69
USD/THAI 0.79 -0.97 0.17 -0.47 0.52 0.61 0.00% 0.44
USD/TRY 6.48"" -5.18" 0.07 -0.71 0.34 4.12™ 8.50% 6.22"""
USD/WON 0.51 -0.13 0.79 1.39 -0.40 1.15 0.11% 1.06
USD/ZAR 2.76™ -0.63 0.99 0.09 -0.19 0.26 0.00% 0.59
USD/ZLTY 1.35 -2.70"" -0.70 0.19 -0.03 1.78" 0.13% 1.07
N 282

Table 8a - One month ahead forecasts of currency returns for developed countries and for emerging countries using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables are the liquidity
aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. The Dummy variable of 2008 already used before was also used as a dummy
variable interacting with the two liquidity variables. Liquidity aggregates of Log Repo and Log of Commercial Paper were de-trended using linear time de-trending. Sample
observations comprise 282 monthly observations from the period July 1994 until December 2017. *** ** and, * indicates significance at the 1 percent, 5 percent, and 10 percent
levels, respectively. The R-squared presented are adjusted R-squares. The 0.00% adjusted R-squares means that these regressions have yielded a negative adjusted R-square and

therefore are useless.
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LINEAR TIME TREND (LAG 2)
% CHANGE IN EXCHANGE RATE Constant Log Repo Log Commercial Paper Dummy 2008 Log Repo X g Cig MRS R-square F-stat
Dummy 2008 Dummy 2008
DEVELOPED COUNTRIES
USD/AUD 0.71 -1.54 1.42 0.87 1.76 0.38 4.07% 3.38™
USD/CAD -0.54 -1.26 0.49 1.27 223" 0.17 2.87% 2.65"
USD/DKK 0.34 -1.57 0.54 0.57 1.18 0.64 1.06% 1.60
USD/CHF 0.12 -1.12 0.35 0.61 0.78 0.80 0.00% 0.58
USD/EUR 0.44 -1.62 0.66 0.55 1.11 0.67 1.22% 1.69
USD/GBP -0.20 1.34 -1.65 -1.33 -0.91 -0.92 2.41% 2.38"
USD/JPY 0.19 0.63 0.71 -1.14 -0.18 -1.29 0.00% 0.74
USD/NOK 0.43 -2.07" 0.57 0.84 1.84 0.61 3.33% 293"
USD/NZD 0.76 -1.55 1.63 1.36 1.11 1.01 3.20% 2.85™
USD/SEK 0.51 -1.25 1.15 0.92 1.75" 0.38 3.17% 2.83™
EMERGING COUNTRIES
USD/BANG 436" -0.11 0.57 -1.46 -0.93 0.58 0.00% 0.58
USD/HKD 1.67 -0.30 0.96 -1.21 -0.51 -0.78 0.00% 0.94
USD/HUF 3.49™ -2.74™ 1.81° 0.18 0.57 1.16 2.03% 2.16°
USD/IND 1.37 -0.19 1.30 -0.48 -0.89 0.21 0.00% 0.47
USD/INR 1.76 -1.79 0.37 1.95 0.61 2.03" 1.13% 1.64
USD/MXN 1.65 -0.97 0.74 0.25 1.03 0.34 0.00% 0.90
USD/MYR 0.78 -1.25 0.31 0.20 1.54 -0.12 0.38% 1.22
USD/PHP 1.01 -1.55 -1.30 1.49 237" 1.817 1.30% 1.74
USD/REAL 1.31 -1.66 -1.35 0.28 2.00" 1.39 2.40% 2.38"
USD/SGD 0.25 -1.88" -0.38 0.27 221" 0.60 1.16% 1.66
USD/TAI 1.08 -0.49 0.94 -0.23 0.89 -0.26 0.19% 1.11
USD/THAI 0.95 -1.727 0.53 -0.28 0.40 1.28 0.00% 0.71
USD/TRY 6.33"" -4.67 0.42 -0.54 1.01 3.39™" 9.16% 6.65™"
USD/WON 0.62 -0.41 0.94 1.23 0.69 1.02 0.26% 1.15
USD/ZAR 2.76™" -0.31 1.03 0.28 0.63 -0.32 0.53% 1.30
USD/ZLTY 1.58 -2.97" -0.51 0.32 1.18 1.50 0.95% 1.54
N 281

Table 8b - Two month ahead forecasts of currency returns for developed countries and for emerging countries using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables are the
liquidity aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. The Dummy variable of 2008 already used before was also used
as a dummy variable interacting with the two liquidity variables. Liquidity aggregates of Log Repo and Log of Commercial Paper were de-trended using linear time de-
trending. Sample observations comprise 282 monthly observations from the period July 1994 until December 2017. *** ** and, * indicates significance at the 1 percent, 5
percent, and 10 percent levels, respectively. The R-squared presented are adjusted R-squares. The 0.00% adjusted R-squares means that these regressions have yielded a

negative adjusted R-square and therefore are useless.
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FIRST DIFFERENCES (LAG 1)

% CHANGE IN EXCHANGE RATE Constant Log Repo Log Commercial Paper Dummy 2008 S‘L?ri rlz}e/pzoo())(g Log CBT;?;;;?&?; per X R-square F-stat
DEVELOPED COUNTRIES
USD/AUD -0.39 -0.26 -0.10 0.61 0.80 -1.29 1.82% 2.04"
USD/CAD -1.08 0.19 -1.44 1.50 1.49 0.25 1.65% 1.94"
USD/DKK -0.36 -2.03" 0.90 0.76 1.73 2,51 5.93% 4.53™
USD/CHF -0.37 1.50 1.02 0.04 0.22 -1.88 1.72% 1.98"
USD/EUR -0.27 -2.26" 0.75 0.71 1.86" -2.40™ 6.29% 4.76™"
USD/GBP 0.86 0.26 1.06 -1.23 -0.46 0.29 1.45% 1.83
USD/JPY 0.53 -1.17 0.50 -0.17 0.69 0.06 0.00% 0.35
USD/NOK -0.80 -0.42 0.99 1.44 1.00 -2.07" 1.96% 2.12°
USD/NZD -0.49 -0.27 -0.11 0.56 0.42 -1.35 1.73% 1.98"
USD/SEK -0.27 -1.65 0.48 0.85 2.13" -1.94° 4.76% 3.80™"
EMERGING COUNTRIES
USD/BANG 3.66™ -0.06 -0.81 -1.68" -1.22 0.17 1.63% 1.93"
USD/HKD 1.69 -1.09 -1.61 -0.59 2.49™ 1.59 2.96% 2,717
USD/HUF 1.43 -0.45 0.71 -0.01 0.65 2,617 6.11% 4.64™
USD/IND 1.21 0.39 0.15 -0.82 -0.35 -0.17 0.00% 0.23
USD/INR 1.38 -1.05 0.23 0.95 2.04™ -2.00" 2.78% 2.60"
USD/MXN 1.80° -0.71 -1.41 -0.62 1.36 -0.26 0.41% 1.23
USD/MYR 0.94 -0.57 -1.98" -0.09 0.93 0.81 0.80% 1.45
USD/PHP 0.80 1.04 0.15 -0.17 -0.80 -0.43 0.00% 0.49
USD/REAL 1.50 -1.85° -1.33 -0.26 1.25 0.60 0.00% 0.77
USD/SGD -0.32 -0.16 0.15 0.05 1.09 -1.40 1.48% 1.84
USD/TAI 0.34 3.52™ -0.25 -0.42 -1.25 -0.44 2.29% 2317
USD/THAI 0.72 0.57 -1.19 -0.68 -0.87 1.12 0.00% 0.75
USD/TRY 4.30™ -0.79 -0.36 -2.16™ 1.50 -0.70 2.24% 2.28™
USD/WON 0.32 0.95 -0.45 0.04 0.90 -0.78 0.27% 1.15
USD/ZAR 1.41 -0.79 0.84 -0.18 0.61 -2.02" 0.89% 1.50
USD/ZLTY 0.43 0.57 -0.55 0.67 0.97 -1.00 2.30% 2.32"
N 281

Table 8c - One month ahead forecasts of currency returns for developed countries and for emerging countries using simple OLS Estimates corrected for auto-correlations and
heterocedasticity using Newey-West estimators corrected at 4 lags where the dependent variable is the monthly currency return and the two independent variables are the liquidity
aggregates of Overnight Repurchase Agreement Outstanding and the Financial Commercial Paper. The Dummy variable of 2008 already used before was also used as a dummy
variable interacting with the two liquidity variables. Liquidity aggregates of Log Repo and Log of Commercial Paper were de-trended using first differences. Sample observations
comprise 282 monthly observations for the first differences, from the period July 1994 until December 2017. ***, ** and, * indicates significance at the I percent, 5 percent, and
10 percent levels, respectively. The R-squared presented are adjusted R-squares. The 0.00% adjusted R-squares means that these regressions have yielded a negative adjusted R-

square and therefore are useless.
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Table 1: Forecasting Monthly Changes in Exchange Rates

This table uses ordinary least squares regressions to forecast individual exchange rates. The dependent variable is the monthly percentage change in the
.S, dollar bilateral exchange rate against 23 currencies (in rows), and the percentage change in the U.S. dollar trade-weighted indices (broad, major
currencies). Forecasting varisbles (in columns) are the one-month lags of detrended log repo and detrended log Financial commercial paper outstanding.
The table reports point estimates with Newey-West t-statistics (using 4 lags) in parentheses; % p < 001, ¥* p = 0.05, * p <= 0.1, The sample period is
1993:1 - 2014:12.

Dependent Variable Independent Variable

Percent Change Detrended Log Detrended Log

in Exchange Rate Repo (Lag 1) Repo (Lag 1, post-2007) CP (Lag 1) CP (Lag 1, post-2007) Post-2007 Constant R?
usdrm 2.087* (1.778) —2.722 (-1.362) 3.324"* (3.571) —1.397 (-0.738) 0.761 (0.842) -0.060 5.8%
usdrh 0.346 (0.362) —0.703 (-0.404)  2.115%*  (3.273) —0.592 (-0.377) 0.486  (0.600) 0.129 59%
aud 5.130¢°** (2.581) —T7.450* (-1.883) 6.170*** (3.060) 1.901 (0.390) 2543 (1.033) 0.000 5T
cad 1.321 (0.877) —0.357 {-0.147) 2.726** (2.321) —0.762 (-0.338) 1.575  (1.549) -0.0a7 3ITw®
demn 1.178 (0.535) —3.715 {-1.181) 3.738** (2.166) 1.380 (0.341) 1.362  (0.908) -0.0458 4.0%
oy 4.075* (1.678) —7.516** (-2.406) 3.219*  (1.938) —1.828 (-0.583) —0.835 (-0.795) 0.064 25%
nzd 6577 (3.051) —f.581% (-1.730) 7T.544%*  (5.601) —1.257 (-0.265) 2768  (1.483) -0.059 T1%
nok 1.281 (0.697) —3.311 (-0.850) 3.568** (2.515) 2532 (0.647) 2190  (1.145) -0.074 429
sek 2550  (1.1v8) —4 969 (-1.355) 4.493*** (2.919) 2.740 (0.674) 2228 (1.129) 0.039 46 %
chf 1.365 (0.633) —3.430 (-1.108) 3.268**  (2.035) —0.685 (-0.177) 0.164 (0.124) -0.077 1.9%
gbp 1.916 (1.251) —0.072 (-0.025) 2.912** (2.430) —0.452 (-0.186) 2251 (1.621) -0.0491 55%
clp —0.159  (-0.078) 0.828 (0.245) 2375 (1.427) 0.345 (0.094) 1.584 (0.818) 0.168 25%
cop —3.542 (-1.373) —0.844 [-0.205) 1.842 (0.920) 7.701 (1.646) 1.827  (0.832) 0.533 T.0%
czk 0.118 (0.048) —3.815 (-0.979) 3.763* (1.782) 2717 (0.529) 1.668  (0.321) -0.207 4.2 %
Fuf 0.552 (0.262) —4.948 -1.173) 4.950[‘“ (3.462) 4.900 (0.767) 2383 (0.900) 0.456 53 %
inr 0.702 (0.444) 2,505 (1.141) 2.167**  (2.0386) —3.404 (-1.238) 1.291 (1.633) 0.195 5.5 %
idr 9.162 (1.198) —8.038 (-0.986) 14.587* (l.7v4) —14.525* (-1.704) —0.585 (-D.394) 1.4588 27 %
krwr 2457 (0.698) 0.614 (0.138) 4125  (1.168) —1.070 (-0.235) 2.661* (2.146) 0.231 29%
php —0.467  (-0.173) 2107 (0.735) 2230 (1.122) —1.268 (-0.515) 0.913* (1.710) 0.311 33%
pin —2.413  (-1.280) 0.779 (0.196) 2,041 (1.433) 4.657 (0.849) 2396  (0.349) 0.255 34%
sgd 1.292 (0.864) —2.587 (-1.359) 2.135* (1.918) 0.722 (0.348) 0.592  (0.770) -0.040 3.0%
zar 1.452 (1.044) —3.945 (-0.893) 6.033**  (2.319) —0.496 (-0.099) 2244 (1.231) 0.597 33%
frod 2.306* (1.733) —3.559** [-2.056) 2.366**  (2.160) —0.235 (-0.125) 0,133 (0.162) 0.191 31%
iry —4.888  (-1.152) 3.887 (0.769) S.976°** (2.843) —1.7T. (-0.400) 0611 (0.301) 2871 114 %

Source: “Risk Apettite and Exchange Rates”, Adrian et al. (2015)
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Figure 14 and Figure 15- t-statistics of the estimates for the coefficients of the restricted model
when liquidity variables (independent variables) are de-trended using a linear time trend. The first
regression has a lag of order 2, with the initial observation of the independent variables starting
on July 1994 and ending on November 2017, whereas currency returns are starting on September
1994 and ending on January 2018. In the last regression (lag 13), the independent variables start
on July 1994 and end on December 2016 whereas currency returns start in July 1995 and end in

January 2018.
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Figure 16 and Figure 17- t-statistics of the estimates for the coefficients of the restricted
model when liquidity variables (independent variables) are de-trended using first
differences. The first regression has a lag of order 2, with the initial observation of the independent
variables starting on August 1994 and ending on November 2017, whereas currency returns are
starting on October 1994 and ending on January 2018. In the last regression (lag 13), the independent
variables start on August 1994 and end on December 2016 whereas currency returns start in July 1995

and end in January 2018.
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Figure 18 and Figure 19-t-statistics of the estimates for the coefficients of the restricted model
plus a dummy variable, when liquidity variables (independent variables) are de-trended using a
linear time trend. The first regression is of lag of order 2, with the initial observation of the
independent variables starting on July 1994 and ending on November 2017, whereas currency
returns are starting on September 1994 and ending on January 2018. In the last regression (lag
13), the independent variables start on July 1994 and end on December 2016 whereas currency

returns start in July 1995 and end in January 2018.
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Figure 20 and Figure 21-t-statistics of the estimates for the coefficients of the restricted model
plus a dummy variable, when liquidity variables (independent variables) are de-trended using first
differences. The first regression is of lag of order 2, with the initial observation of the independent
variables starting on August 1994 and ending on November 2017, whereas currency returns are
starting on October 1994 and end on January 2018. In the last regression (lag 13), the independent
variables start on August 1994 and end on December 2016 whereas currency returns start in

October 1995 and end in January 2018.
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LsDummyCrisis; x LogRepo; + fsDummyCrisis; x LogCommercialPaper; + e+
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Figure 22 and Figure 23- t-statistics of the estimates for the coefficients of the complete model when
liquidity variables (independent variables) are de-trended using a linear time trend. The first
regression has a lag of order 2, with the initial observation of the independent variables starting on
July 1994 and ending on November 2017, whereas currency returns are starting on September 1994
and ending on January 2018. In the last regression (lag 13), the independent variables start on July
1994 and end on December 2016 whereas currency returns start in July 1995 and end in January

2018.
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LsDummyCrisis; x LogRepo; + fsDummyCrisis; x LogCommercialPaper; + e+
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Figure 24 and Figure 25-t-statistics of the estimates for the coefficients of the complete model,
when liquidity variables (independent variables) are de-trended using first differences. The first
regression is of lag of order 2, with the initial observation of the independent variables starting on
August 1994 and ending on November 2017, whereas currency returns are starting on October 1994
and end on January 2018. In the last regression (lag 13), the independent variables start on August
1994 and end on December 2016 whereas currency returns start in October 1995 and end in January

2018.
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