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Foreword

The purpose of this book, Financial Modelling with Forward-Looking Information:
An Intuitive Approach to Asset Pricing, is to deeply inquire, holistically reflect
on, and practically expose the current and emerging concept of information-
based modelling to the areas of financial market microdynamics and asset pricing
with real-time signals. During the previous decades, the analytical tools and the
methodological toolbox of applied and financial mathematics, and of statistics, have
gained the attention of numerous researchers and practitioners from all over the
world, providing a strong impact also in economics and finance. Here, the notions
of futuristic information on asset fundamentals and informational disparities among
market participants are turning out to be key issues from an integrated perspective,
and they are closely connected with further areas such as financial signal processing,
market microstructure, agent-based modelling, and early detection of financial
bubbles and liquidity squeezes.

This book seeks to reassess and revitalize, amid ongoing structural problems
in financial markets, the role of information through a fundamental approach that
can be used for pricing a broad spectrum of financial and insurance contracts. The
approach focuses on an intuitive, yet theoretically robust, framework for integrating
financial information flows, which is also known as the Brody, Hughston and
Macrina framework. This book could become a helpful compendium for decision-
makers, researchers, as well as graduate students and practitioners in quantitative
finance who aim to go beyond conventional approaches to financial modelling.

The author of this book is both an academic and practitioner in the area of
applied financial mathematics, with considerable international research experience.
He uses the state-of-the-art model-based strong methods of mathematics as well
as the less model-based, more data-driven algorithms—often called as heuristics
and model-free—which are less rigorous mathematically and released from firm
calculus in order to integrate data-led approaches with a view to efficiently coping
with hard problems. Today, labeled by names like Statistical or Deep Learning and
Adaptive Algorithms, and by Operational Research and Analytics, model-free and
model-based streamlines of traditions and approaches meet and exchange in various
centers of research, at important congresses, and in leading projects and agendas in
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viii Foreword

all over the world. The herewith joint intellectual enterprise aims to benefit from
synergy effects, to commonly advance scientific progress and to provide a united
and committed service to the solution of urgent real-life challenges.

To the author of this valuable book, Dr. Nadi Serhan Aydin, I extend my heartily
appreciation and gratitude for having shared his devotion, knowledge, and vision
with the academic community and mankind. I am very thankful to the publishing
house Springer, and the editorial team around Dr. Christian Rauscher thereat,
for having ensured and made become reality a premium work of a high-standard
academic and applied importance, and a future promise of a remarkable impact for
the world of tomorrow.

Now, I wish all of you a lot of joy in reading this interesting work, and I hope
that a great benefit is gained from it both personally and societally.

Middle East Technical University Gerhard-Wilhelm Weber
Ankara, Turkey
March 2017
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Chapter 1
Introduction

The raison d’étre of the markets we study is to support information-based trading.
Yet, there is a fundamental conflict between how efficiently markets spread infor-
mation and the incentives to acquire it. This is something conventional stochastic
models and, particularly, the way their information content is structured tend to
oversimplify. As such, the notion that “there is a universal market filtration” also
seems to be unrealistic. What counts, for market efficiency, is that, in practice,
investors have access to different levels of information and with varying ease. This
calls for a broader view of market efficiency which takes into account the amount
and pace of such access. Nevertheless, by exchanging information through highly
frequent trades, market participants are able to maintain a law of reasonable price
range, if not a law of one price.

Complications related to construction of an information flow are generally
bypassed through the concept of “natural filtration” F, whereas the essential point
is that all relevant information is contained in, and therefore, can be extracted from,
the past trajectory. Yet, little is known about the structure of this filtration. It is
not clear, for example, why a stochastic driver should be regarded as to contain all
relevant information about the “fundamental” value rather than noise. The filtration
generated by this random process is also pre-imposed on the future evolution of
the “fundamental” value. We emphasise here the word “fundamental” to reflect the
notion that an asset’s future is not necessarily determined by its past, but also its
future prospects.

In this book, we focus on a concept where some of the aforementioned
problems are sought to be addressed. Market participants get noisy signals & on
the future convenience dividends of an asset directly, or market factors which affect
them.! When combined together, the signals £ form the “all-wise” filtration. The
informational diversity thus naturally stems from the fact that either £s might differ
in quality (i.e., in their signal-to-noise) or agents might vary in their capacity to

'We refer as convenience dividends to any material benefit drawn from holding the asset.

© Springer International Publishing AG 2017 1
N.S. Aydin, Financial Modelling with Forward-looking Information, Contributions
to Management Science, DOI 10.1007/978-3-319-57147-8_1



2 1 Introduction

interpret the same signal (cf. [1]). In this structure, a subset of all available signals
could determine the filtration of the agent rather more explicitly. As a result, the
question of how real-time information flow dynamics can be satisfactorily imitated,
as well as its implications for asset pricing and market microstructure, need to be
brought more under spotlight.

Assume we know a priori that a business—with two possible outcomes—will
default at maturity. Had it not failed, the business would pay one unit to its investors.
The only thing the agents know when the business started is that the two outcomes
would have even chances. Therefore, it is natural for them all to value the business
at an initial price of 0.5. But, once they start to get rumours about the health of
the business through different sources, the situation will change. As some of these
sources will be more reliable than others, revealing the true status of the business
at a faster pace, investors will start to differ in their judgements about the real
value of the latter and, if allowed, try to exploit that information. One who has
access to a fast-track signal source will uncover quickly what the real outcome
will be, constantly trimming the value to the asset, whereas the ones with access
to less superior information sources will have to wait longer periods to see what is
happening, putting any bet they make during that time at the risk of being exploited
by others (cf. Fig. 1.1, left panel). Although it does not mean that the faster signals
will get the investor a more realistic value judgement at all instances and throughout
the horizon, on average, they will do so (Fig. 1.1, right panel).

One benefit, inter alia, of working with signals rather than their aggregate (e.g.,
price) directly is that the signals on certain factors can be both more accessible
and predictable. Consider the likelihood of a regular policy decision on interest
rates, an intervention on the value of a currency, positive earnings announcement,
a merger or acquisition, certain regulatory changes, the resigning of a company’s
top management, or a candidate winning the approaching national poll. It may be

I
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Individual price
Individual price

o
(V)

o
=

o

0 0.2 0.4 06 08 1

Time Time

Fig. 1.1 Differences in value judgements based on individual information sources. The real
outcome is set to default with a priori probability of 0.5



1 Introduction 3

much easier to collect signals on the outcome of ongoing discussions on a regulatory
change that would impact the way a company is running, judge the reliability of
signal sources, and determine the relative importance of that policy change against
other possible factors, than to focus on that company’s equity performance.

Needless to say that the ideas presented above are not all new. Yet, the literature
on the dynamics of financial information flow is considerably scarce, as compared to
that on heterogeneous information (which is also empowered by the recent advances
in methods such as the Malliavin calculus (cf. [8])) and stochastic filtering (with
ongoing emphasis on generalisations to nonlinear systems, and particle methods
(cf. [2, 7])), which can be seen natural extensions of the present framework. In this
book, we aim to introduce the framework which was originally developed in [3] and
extend it in different directions.

* Accordingly, the next chapter, i.e., Chap. 2, assembles some fundamental prop-
erties of random bridge processes and justifies their use in modelling forward-
looking financial information. Although this chapter is essentially based on [3, 5]
and [4], it contributes to the existing literature by recovering the necessary
properties of the signal-based framework in a much greater detail, and presenting
a useful information-theoretic analysis to quantify the information component.

* Chapter 3 introduces an interactive market setup where agents receive variegated
information. This chapter, which is inspired by the remarks of authors in [6], is a
significant addition to the literature on equilibrium with long-lived information.
It not only vividly illustrates some interesting price discovery dynamics in the
presence of heterogeneous information through numerical analysis, but also
explores optimal strategies to exploit differential information by analytically
characterising ex-ante gains from trade.

e Chapter 4 puts the signal-based framework to practical use by introducing a
slightly modified version of the signal process and making a particular choice
for real-time signals. To the best of the author’s knowledge, this is the first such
attempt, with results having significant implications for harnessing the signal-
based framework in a real-world setting. We also contribute the literature by
presenting a crisp formula for the signal-based price.

Finally, Chap.5 concludes with a brief outlook, and some remarks on the
contemporary area of Financial Signal Processing (FSP).

Throughout the book, we may interchange between the terms “dividends” and
“cashflows”, as well as “agents” and “investors”—which is of no harm. However, a
distinction has to be made at the outset between an “investor” and a “trader.” In the
present context, all market participants are “investors” who make their decisions
on the basis of long-term targets, more due diligence and a proper analysis of
fundamental factors; while “traders” will not necessarily do so.
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Chapter 2
The Signal-Based Framework

The flow of forward-looking information through signals is essential for the
smooth operation of the highly complex financial market engine and it is the most
fundamental input to the pricing of any type of asset. The market agents, both human
and non-human, on the other hand, are signal processors who continuously mine for
and interpret these signals to extract information.

In what follows, we lay out the basic characteristics of the information-based
framework which was first introduced in [8] as a new way of modelling credit
risk and, later on, applied to a broad spectrum of issues in financial mathematics,
including the valuation of insurance contracts based on the cumulative gain process
in [9], modeling of defaultable bonds in [30] (as an extension of [8] to stochastic
interest rates), general asset pricing in [10], pricing of inflation-linked assets in
[20], and modelling of asymmetric information and insider trading in [11], before it
was generalised to a wider class of Lévy information processes in [18] for valuing
credit-risky bonds, vanilla and exotic options, and non-life insurance liabilities. This
method was used, in [6], to aggregate individual risk aversion dynamics to form a
market pricing kernel, in [25], to price credit-risky assets that may include random
recovery upon default, in [26], to introduce an extension of the theory towards an
analysis of information blockages and activations, as well as information-switching
dynamics, in [13], to introduce a general framework for signal processing with
Lévy information, in [33], to value storable commodities and associated derivatives
and, most recently, in [7], to obtain a stochastic volatility model based on random
information flow, and in [2], to produce estimates of bankruptcy time.

However, we distinguish the present analysis from another particular strand of
literature which looks at information dissemination and epidemics in networks with
certain topological properties, with applications to finance (see, e.g., [3, 5, 14, 15,
23)).

© Springer International Publishing AG 2017 5
N.S. Aydin, Financial Modelling with Forward-looking Information, Contributions
to Management Science, DOI 10.1007/978-3-319-57147-8_2



6 2 The Signal-Based Framework
2.1 Modelling Information Flow

The information-based approach stems naturally from the dynamic nature of
information. Information is revealed at some pace and it is not pure all the time.
There is normally little or no rumour about an asset’s future value when there is
a significant time frame until its maturity; the beliefs are most diverse around the
midway through the lifetime of the asset when the rumours intensify; there is a
growing consensus, as the asset approaches its maturity, on how things will turn
out; and, finally, the true value becomes known.! Bridge processes indeed have
some nice properties to imitate this behaviour. Consider a Brownian bridge process
defined over the period [0, T]2 which takes on values 0 and z at times O and T,
respectively:

A1) = B, - ;(BT _2). @.1)

with B, being a Brownian motion. The bridge process in Eq.(2.1) is a standard
Brownian bridge with a deterministic drift. Let z represent the true value at time
T of a random quantity Zr that adheres to the a priori marginal density f7,(z), i.e.,
Zr(w) = z. Rearranging the terms of Eq. (2.1) yields a random bridge process:

B (1) = ZT + B, — TBT = TZT + 8%, (2.2)

where ,3([)0T‘0] (#) is a standard Brownian bridge, representing the ‘pure noise’, that
adheres to the law N(0, (tk;")"?) with k, := T/(T — t).> The first part (¢/T)Zr, on
the other hand, is the ‘hidden truth’ about the future value of the random variable
Zr (in the sense that it is concealed by noise). The term 1/7, in this case, governs
the overall speed of revelation of true information about the actual value of Zy.

Definition 2.1 The process ,B(E()T’ZT] (1) is a ‘Brownian random bridge’ if:

e TIts terminal value ,3[0 e ](T) has the marginal law v which admits density p(z),
ie., v(dz) = p(z)dz.

» There exists a Gaussian process (G;)o<;<r With density g;(y) for all # € [0, T],
and v concentrates mass where 0 < gr(z) < oo for v-almost-every z.

1Zero-noise at initial date is still intuitive since single point will have no prediction power.
2See [2] for bridges on a random intervals [0, ].
3The part E[8,] = 0is indeed trivial, whereas V [8,] = E [B,Z — LBBr + L, BQT] =120+ =

—1

tk;



2.1 Modelling Information Flow 7

¢ Furthermore,

QBN ) = .. B ) = BT = 2]
:Q[Gl‘l Sylv~"7G[[§yl‘GT:Z] (2'3)

forevery [ € Z™, increasing (t1,....1) € [0,T], (y1....,y;) € R/, and v-almost-
every z.*

Thus, a Brownian random bridge is identical in law to a Brownian motion
conditioned to have the a priori law of Z; at time 7. Indeed, one can define
Xr := Zr/(0oT) in Eq.(2.2) by introducing a more general parameter, say o (or,
alternatively, o;) instead of 1/T. This enables us to introduce the signal process £,
(or, the information process in the sense of [8]):

& =otXr + B 2.4)
where (and, henceforth) 8, := ,3([)0T’0] (#). In other words, o will be gauging the
ratio of true signal to noise (henceforth, just ‘signal-to-noise’). This particular
way of defining the information flow, in fact, distinguishes the current framework
from a large class of asymmetric information models, where, as in [22], a bulk of
information is assumed to arrive instantly at the beginning of the trading period,
or, as in [1], the arrival pattern of information is found to be irrelevant to trading
strategies of agents. We also set 8, and X7 to be independent: 5, 1L X7. We note
that, hereafter, the signal & will be regulating the information flow.

We also remark that Eq. (2.4) is not the only way to represent information flow.
Some other forms have also been considered in the literature with slightly different
characteristics, such as & = X7 + B, (cf. [6]), and & = (¢/T)X7 + of; or & =
(t/T)Xr + By (cf. [19]).

More formally, we define a probability space (€2, F, Q), on which the filtration
(.7’-',g )sejo,r) Will be constructed. Here, Q, i.e., the risk-neutral measure, is assumed to
exist. The default measure is set to Q throughout the book, if not stated otherwise.
For simplicity, we assume that the asset under consideration is of predetermined
maturity, i.e., the cashflow will be generated, and the related information process
will expire, at a pre-known time 7. The filtration }',E, which is assumed to be
generated directly by (&;)o<s<s, is given by:

Fi={o(&):0<s<t<T}. 2.5)

4See [18] for a definition of Lévy random bridge instead.



8 2 The Signal-Based Framework

We are now in a position to work out, with respect to the available information
]-"f, the value S; and dynamics dS; of an asset which generates a cashflow ¢y =
¢ (Xr) at time T for some invertible function ¢. The value S;, 0 < r < T, is given
by

S = 1{r<T}e_r(T_t)IE [d’T’]:té] s

(or,simply) = L opye T, (2.6)

where ¢, ¢;(X7), ]E[¢>T|]-',§ | are all equivalent, and r is the money market rate.
Also not to mention that the asset goes ex-dividend at T, i.e., immediately after the
dividend is paid, should the asset’s maturity be longer than 7 and should there be
other dividends to be paid.

The quantities X7 and ¢(X7) are measurable with respect to ]_.g, but not
necessarily w.r.t. ]-",E, t < T. On an important note, we remark that f,, i.e., the
pure noise, is not measurable w.r.t. }',E, meaning that it is not directly accessible to
market agents. Thus, an agent, although he observes &;, cannot separate true signal
from noise until time 7.

Note that the expectation in Eq.(2.6) is conditioned, as we understand from
Eq. (2.5), on the entire path of &, which renders it difficult to handle. Therefore,
verifying that the information process & satisfies the Markov property could
bring a great deal of simplification to the construction of price dynamics. In
[18], it is indeed shown that Lévy bridges, and Lévy random bridges alike,
satisfy the Markov property. Here we verify the latter for Brownian random
bridges.

Proposition 2.1 The information process (&)o<i<r, as defined in Eq.(2.4), is
conditionally Markovian.

Proof (See an Alternative Proof in [24]) We set k, = T /(T — t) here and, whenever
appropriate, throughout the text. Let & be intrinsically pinned to an unknown value
X7 = x. Defining B, as a Brownian motion, we can indeed express the signal process

& as
1

_ _1 t
otx+ K, *B, or oix+k, > / dB;. 2.7)
0

One can verify that these are identical to

& =otx+(T—1) / a5: . (2.8)
0 T—S
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which, in turn, implies

" dB, dB,
d§, = — S ) dr T—t
: (ox /OT_S) -y

= (gx — E(IT__O—Z)X) dr + dB;

= (ox —&/T) k,dt + dB,. 2.9)

Equations (2.8) and (2.9) indeed follow from two other well-known representa-
tions of bridges (see, e.g., [28]). Equation (2.9), on the other hand, directly implies
that, given X7 = x, & is a Markov process with respect to its own filtration, i.e.,

E[nE)lo &)< = ElhEDoE)] (s =), (2.10)

for any x, and any measurable, finite-valued function 4 (cf. [28]). O

Proposition 2.1 leads to a significant reduction in the complexity of calculating
the expectation in Eq. (2.6). The latter expectation can now be written, again, for the
single dividend as

Si = 1yrye TR [$rlE] 2.11)

or, when the payoff has a continuous density, as

S, = 1yepe T / ¢ (x)7; (x)dx. (2.12)
X

Here, the posterior density m;(x) := p(x|&;) is given by

m() = Q0 =< xl8). 2.13)

To restore S; and its dynamics, apparently, we need to work out 7, the posterior
density. Using Bayesian inference, 77, can be written as

_ p@p&lx)
m(x) =
/}; POIP(ED)dy

_ pp&lx)
/ p(§)dy
X

where X is the support of X7, p(x) the a priori probability density of X7, and p(&|x)
the likelihood (i.e., compatibility of the signal & given the measurement x). We
note that the procedure in Eq. (2.14) is similar to a Kalman [21] filtering operation

(xeX), (2.14)
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in which a transition step based on p(x|&) and p(§|&;) also takes place before the
measurement update p(x|&;) (see, e.g., [4]).
Here, we find it useful to state a dynamical consistency property satisfied by &;.

Proposition 2.2 The process & is dynamically consistent, meaning that, if we store
the information transmitted by &, s € [0, T, in ms(x) and, then, re-initialise it at
time s as &, s < t < T, updating also its flow rate to o', then 7,(x) can be written
in terms of wy(x) (i.e., the new prior) as follows

(€L )
/X 7 (IP(E!|y)dy

T (x) = (s<t=T), (2.15)

where
, T—t , ,
t — St — s — — S)AT ) .
f=t— . 6=0—9Xr+8 2.16)

with o' = oT/(T — s), and B] being a standard Brownian bridge over [s, T) (see a
time-varying information flow version in [10]).

Proof Calculate 7r,(x)p(§/|Xr = x) as per definitions of £, & and ¢’ and verify that
the right-hand side of Eq. (2.15) is indeed equal to m;(x). O

Before we embark on the dynamics of the signal-based price process, let us
compute p(&|x) in Eq. (2.14). Indeed, Eq. (2.4) implies E [¢,|x] = otxand V [&]x] =
t/k, where k; is as above. Hence,

_ 1 (r—om)?

p&lx) = 2 il (2.17)

1
Vil

We then accommodate Eq.(2.17) into Eq.(2.14) to get m,(x). With some
arrangement,

1 —é (Er—mi\*)z
p(y) e = mdy

X V2 \/ t/K;

1 7$,2 +2$zatxfazx2t2

px)e’ !
1 _51‘2+2$ﬂ”}'_”2,"2’2
/ pe’ o« dy
X

Kt (fo,— éozxzt)
_ P (xeX). (2.18)

X
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Essentially, Eq.(2.18) is a convolution density in which p(&|x), as given in
Eq. (2.17), operates as a filter on p(x) to map the latter to its posterior m;(x) by
comparing the signal & against each possible value of x € X.

2.2 The Signal-Based Price Process

We shall continue to assume, w.l.o.g., that the asset pays a single cashflow ¢ (X7)
based on a single market factor X7. Accommodating Eq. (2.18) into Eq. (2.12), the
price process (S1)o<,<7 can be written as:

[ pepuentoiea
X

/ p(x)ek,(axf,—;azxzt)dx

X

—r(T—t)

S = 1y<ne (2.19)

The dynamics of S;, on the other hand, can be worked out as follows. First, we
re-write Eq. (2.11):

S = Lyene "R [p(Xn)|&] = Lyene " i(Xr), (2.20)
where, again, ¢,(X7) = E[¢(X7)|&]. Apparently, ¢,(X7) can be expressed in the

form ¢ (7, &). Equation (2.19), on the other hand, implies:

[ s tesira
X

¢(tv Sl‘) =
/ p(x)ek,(oxf,— éozxzt)dx
X

2.21)

Now, we work out the dynamics of ¢ (z, &), from which the dynamics of S, will
follow directly. It6’s Lemma implies

0p(t. ), , 99(1.6)

dpr.6) = " o,

dg,, (2.22)

where the first partial derivative on the right-hand side equals, by virtue of
Eq.(2.21),

E"PS;ff’ =K [ /X $(x) (os,x/r—;a%&)p(x>ekr(”€r—é62x2f>dx fx px)et(E3%20 gy

- [ eriio g | (“stx/r—i"zxz)p(x)ekf(‘”‘s"i”zxzt)d’“]
X X
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)
: ( [ p(x)e“'(‘”ff‘i"zxzf)dx)
X

= K7 [(asf/T) E: ¢ (X7)X7] - ;azEf [o0xr)x3]
~E: ¢ (X7)] ((asf/n /D]~ 0", [X%]) ]
= ¢ | (08/1) (1 1000)Xr] ~ B9 06 i 1)

— 0 (B [o0rg] - B somn e []) ]

= i} [(@&/T) Covi (¢ (Xr). Xr) = 0 E, [ (X)) Cov, (¢ (Xr). Xr)

= ok? (&/T — o, [¢(X7)]) Covy (¢(X7), XT) -
(2.23)

where Cov, = Cov(-|&;) denotes the conditional covariance with respect to available
information &, at time z. The equality

) (& [9(0X3] ~ By [ (4] B, [X3]) = B/ [9 ()] Covi 600, Xp)  (2.24)

in Eq.(2.23) can indeed be verified by applying Stein’s Lemma (cf. [32]), which
implies that

ElgX) X-E[XD] = VX E[¢ (X)] (2.25)

holds for any differentiable function g. Similarly, one can verify that the second
partial derivative term on the right-hand side of Eq. (2.22) is equivalent to

A (1. &)

e = o] [ oo etrea [ pwerlonioay

- / PW)p(x)e (200 g / xp(x)em(axa—wr)dx}
X X

-2
([ et
X

= ok, (B, [¢ (X7)X7] — E; [¢ (X7)] E, [X7])
= ok, Cov, (¢ (X7), X7) . (2.26)
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Combining Eqgs. (2.23) and (2.26) as per Eq. (2.22) yields

d¢y(X7) = o1;Cov; (p(X7), X7) [K: (/T — O, [p(X7)]) df + d&/]. (2.27)

As a direct result of Eq. (2.27), and using S; = ¢ "7~ ¢,(X7), the dynamics of
S, is given by

dS, = re " T ¢, (X7)dt + e T dgh, (Xr),
= re”" "¢, (Xp)dt + e "ok, Cov, (¢ (X1), X1)

[k 6:/T — o &, [¢(X7)]) df + d&/],
= rSdt + A dW;, (2.28)

where A, := ¢ 77T Dgk,Cov, (¢(Xr), Xr), and
dW; 1=k, (&/T — o¢(X7)) dt + d&; (2.29)

or, equivalently,

W= £+ /0 s (6T — 0 (Xp) ds. (2.30)

Alternatively, one can start with the dynamics of 7,(x) given in Eq.(2.18) and
use Eq. (2.12) to reach the same result as in Eq. (2.28) (for details, see [10, 24]).

The term A, which appears in Eq.(2.28) is the ‘absolute price volatility.”> An
interesting observation related to the absolute price volatility is that its overall
magnitude is determined by the signal-to-noise parameter o. Thus, an increase
in the information flow rate means an increased price volatility. This observa-
tion seems to be paradoxical if one considers that the growing financial market
interconnectedness—which is expected to increase market efficiency and reduce
price anomalies—can actually increase the price volatility.

Another interesting observation from Eq. (2.28) pertains to W, and helps us shed
a bit more light on another somewhat paradoxical point in financial mathematics
literature which pertains to whether W; really contains information or represents
pure noise. The process W,, as will be shown to be a martingale w.r.t. F; f below, is
not imposed on the model as one of its inputs, but rather appeared as one of its by-
products. Furthermore, when the information flow structure is defined explicitly, W,
is no more simply irreducible, as suggested by many classical models in financial
mathematics.

Proposition 2.3 The process W, in Eq. (2.30) is a Brownian motion adapted to F, ,E .

SNote that A, is also forward-looking.



14 2 The Signal-Based Framework

Proof (See [10, 24] for a Sketch) Referring to Lévy’s characterisation of F;-
Brownian motion, we first need to show that the process W, as defined in Eq. (2.29)
is an F,E-martingale and, second, that d[W, W] (t) = dt. The first condition is
equivalent to

E [Wu|f§] —W, or E [Wu - W,|f§] =0 2.31)

for u > t. Using the definition of W, in Eq. (2.29) as well as the Markov property of
the process &;, we can write the left-hand side more explicitly as

E[W,~ WiF| = Bl - £l6] + B [ / et/ ) ds|s,}

E [ / o E [ (X&) ds|sr} . (2.32)

Now, using the definition of & in Eq.(2.4) in the first and second terms on the
right-hand side, and the tower property® in the third one, we find

E[W,— WiIF | = oul [p () [¢] + E[B.I6] - (1E[p(XnI&] + E[B15])

+E [ / (res/T) (05 (X1) + Bs) dSI’Et}

R [p(X)IE] / eids
— GUE[p(Xn)IE] + E [Bulé] — (0B [p(Xn)|E] + E[BlE])
+/MEWPENIE] [ swds+ (/T [ [ x‘vﬁxdﬂsf}

B[ (Xr)[E] / " ds. (2.33)

u

The integral (1/7T) / skyds can be shown to be equal to / ksds 4+t — u by
t

change of variable T — st to v, and, then, v back to T — 5. Hence,
E[ W, — Wi | = ouE9(Xr)lg] + E[Bul&] - 0E [p(XpI&] + EBi]&D

+oE [p(Xr)]E] ( / Ceds 41— u)) + (I/)E [ / ”Ksﬁsds@,]

°E [E [X|F.] 7] = E[X|F;] for t < u and increasing set of o-algebras (F;),>o.
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R [p(Xn)IE] / ds

— E[.&] ~E[8J6] + (1/DE [ / ' xsﬂxdsw,} . (2.34)

To conclude that W; is an F; ,g -martingale, we write the expectation E [8,,|&,] above
as follows:

E[Bul&] = E[E [Bulp(X7). Bi] &]. (2.35)

Note, by intuition, that the o-algebra generated by both ¢ (X7) and g, is larger
than that by £, (the agent, given &, cannot know what is noise and what is not). Since
we also know that the independence relation ¢ (X7) L B, exists, Eq. (2.35) can be
rearranged as

E [:Bu|§t] =E [E [:Bu|:3t] |§t] . (2.36)

To calculate E [,|8;], we use the independence relation’

Buku — Bik; 1L B (2.37)

Also, we note that [E [8,|B;] can be rearranged as

E[BulB] = Ku_l (B [Buku — Buci| Bi] + E [Bixi| Bi])
= Ku_l (E [Bukcy — Bikc:|Bi] + Bukcr) - (2.38)
Using the independence relation in (2.37) then implies E [8,|8:] = (k:/k.)B:

and, therefore, E [E [B,r|B:r] |&] = (k:/x.)E [Bir|&]. Then, we conclude that W, is
an Ff-martingale by employing Eq. (2.38) in Eq. (2.34), i.e.,

E[W, = WiF | = (a/ky = DE[Birlg] + (1/T) / (ko /)E [B 1] ds

= (kt/ku — DE [Bir|&] + ((u — D,/ T) E [B4]&/]
= (kt/ku — DE[Bir|&] + (1 — 1/ k) E [Bi]&1]
=0. (2.39)

The second part, i.e., d [W, W] () = dt, is rather simple. Recall Eq. (2.29), i.e.,

dW; := «; (&/T — oK, [¢ (X7)]) dt + d&;. (2.40)

7Indeed; V[ﬂuku _ﬂthv ,Br] = E[(ﬂuKu _,Bth)ﬂt] = i,E [,BM,BI] — K [ﬂtz] = tKuK,jl -

tfc,/(,_1 =0.
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We note that d[W, W] () is only due to d [, £] (¢) (given &, at time 7). And, by
representation (2.9), we already know that

d[¢, &) () =d[B,B](r) = dr, (2.41)

which completes the proof. O
Below, we will work out S, for some particular dividend structures.

2.2.1 Gaussian Dividends

Assume ¢ is an identity, i.e., ¢ (X7) = X7 with X7 ~ N(0, 1). Then, accommodat-
ing two well-known Gaussian integrals® into Eq. (2.19) would yield

/ xp (x)ek, (fo,— é szzr) dx
—r(T—t) JX

S, = 1{t<T}@
/ p(x)ek,(oxf,— éozxzt)dx
X
/ _xe_xzz e(ak,é,)x—(%ozk,r)xzdx
- 1{t<T}e_r(T_t) h 2 1.2 2
/e—'2 e(m(,é,)x—(zo K,r)x dx
X
—3/2
gyt T+ )
- T _
=n (02K, + 1)71?
—H(T— oKk
= 1yne r(T—1) o2t 41 (2.42)

where X = (—o0, 00). Since k; has a singularity at t = T (i.e., k; - ccast — T),
we can talk about the limit of S, as ¢ approaches T. Indeed, it is straightforward to
show that

lim S, = §i = Xr. (2.43)
(T—1)—0 oT

8These are [27]:

1. [y exp(—x?/2) exp(ax — bx*)dx = /27 (2b + 1)™/? exp(a®/(2(2b + 1)), and
2. [y xexp(—x2/2) exp(ax — bx*)dx = +/27a(2b + 1) 7% exp(a®/(2(2b + 1)),

where X = (—o00, 00).
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2.2.2 Exponential Dividends

17

Besides normal density, exponential class of distributions are also commonly used
to model dividends. Assume, again, ¢ is an identity function and p(¢(x)) = p(x) =
Ae ™ A > 0,and X = [0, c0), a priori. This implies, again by virtue of Eq. (2.19),

that
/ xe—AxeK, (axE,— ; azxzt) dx
—r(T—1) /X

S, = 1{r<T}e s
/ e—)»xelc,((rxé}—za X t)dx
X

/xe—;((antK,)z—Zx(K,aét—k)+a2)dx
—r(T—1) JIx

= / e—;((xoth,)z—lx(K,GE,—l)+az)dx
X

/ xe—é (onrK,—tl)zdx
— 1 T e—l‘(T—t) X o= ko€ — A
{t<T} / e—é(m«/”(t_“)zdx ( o /1,
X

/ x + ae_x/z/zdx,
(T Jx7 O MK

= ly<ne .
/ e—x /de/
X/

(W = xo 4/t —a,

X' = [—a, oo))

(2.44)

With some further arrangement, we obtain the following explicit formula for the

asset price (similar to the one in [10]):

0 /tK;
S = 1gpye T
1T D V27 (1-0 (—a))
1 _=X?)2 a
= Lypye o1k ( ¢ |X’) RN V218 (a)
= V270 (a)
1 (Km&t-ﬂ)z
= lyepye ) 1 e 2L o K10 — A
I< otk V270 (K;th:)») otk

where ©(-) denotes the standard normal cumulative density.

1 /x’e_x/z/zdx’+ “ V27 (1-0 (—a))
G 0 /tk;

(y =x? dy= 2x/d.x/)

(2.45)
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2.2.3 Log-Normal Dividends

Assume now ¢ (Xr) is not an identity but the dividend ¢ (X7) will be paid according
to

¢ (Xr) = Spelrm 2V )THTXr (2.46)
with v > 0, and let X7 ~ N(0, 1). Note that this is equivalent to saying that ¢ (X7)

is an identity and adheres to lognormal marginal law with parameters (In So + (1 —
v2/2)T,v+/T). We now simply accommodate Eq. (2.46) into Eq. (2.19), i.e.,

2
/ Soe(u— ; IJZ)T-I—\M/Txe—"2 elc,(axé,—;azxzt)dx
—r(T—t) /X
2
/ e—"z ek,(axé,—%ozxzr)dx
X

2
/ e’ «/Txe— 5 £ (axE,— ; azxzt) dx

= 1{t<T}e_r(T_r)SOe(M_;UZ)T * 2 1 22
/ e—"z eK,(axE,—za X t)dx
X

S = 1{[<T}e

2 /6‘ 2(x2(1+(7 K,t) 2x(V«/T+KtUEt)+a )d)C
—r(T—t)Soe(lL_ VZ)TE X

l bz / e é (x2(1+azlc,t)—2/<,a$,+b2)dx
X

1e / e—é(x\/l+azk,t—a)2dx
2\ € X
) lbz _1( \/l+ 5 —b)2
/6‘ 5 (x 02kt dx
X

= ly<nje

_ l{t e —r(T— t)SOe(;L 2v

)

(2.47)
where X = (—o00,00), a = WJT + /c,crg,)/\/l + 0%t and b =
(k,0&)/+/1 + 02k,t. Hence, we get

v T l)\/lK}U
S, = 1{,<T}e_’(T_')Soe( )T+ 20+02an T 1402 K,rf’ (2.48)

As for dynamics dS;, we first need the evaluate the conditional covariance term
which appears in Eq. (2.27), i.e,

d¢:(Xr) = ok, Cov, [¢p(X7), X71] [Kt (T_lér — ok, [¢(XT)]) dr + dét] ) (2.49)
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to derive the dynamics of S, as given in Eq. (2.28), i.e.,
dSr == rS[dt + ArdWr, (2.50)

where, again, A, := e "I Dg,Cov, (¢ (X1), Xr), and dW, and W, as in Egs. (2.29)
and (2.30), respectively.

In order to calculate the conditional covariance term and, hence, dS;, more
explicitly, we need to evaluate one additional integral, namely,

¢ (x)xe_ *'22 P (Uxé,— éozxzr) dx

E: [p Xp)Xr] = % s
/ e_XZ ek,(oxf,—éozxzt)dx
X

2.51)

We can use the same Gaussian integrals as above to compute Eq. (2.51):

Soe(p,—%vz)T/xe—xzz e(lc,aE,-l—v«/T)x—(é/{,azt)xzdx
X

/ e—"zz e(K,GE,)x—( ; K,UZI)dex
X

E; [¢ (X7)X7]

2
1.2 T
u—,v4)T Kt”ft"‘”«/T 1 (KYUE?—HJ“/ )
Soe( 31%) (K,62t+1)3/2 exp (2 o2kt 1

1 ( 1 (o)’ )
(&),€
(Uzk,t+l)l/2 p 2 02k;t+1

oKk 4+ v/T (UKrSer/T + éva)
exp .

1,2
=S e(l‘_z" )T
0 o2kt + 1 o2kt + 1

(2.52)

We are now equipped with Egs.(2.42), (2.48) and (2.52) to calculate the
conditional covariance Cov, (¢ (X7), X1) = E; [¢ (X7)X1] — E; [ X1)] E; [X7]:

O'Kré[‘*‘V\/T (U/QE[V\/T—}- ;UZT)
exp

Cov, (¢(X7), Xr) = Soe(r )7
ov; (¢(Xr), X7) 0¢ o2t + 1 1+ o2kt

1
_gpelum bty oKk exp< T +ox,stv¢r)

oKkt + 1 14+ 02t 1402kt

. (253
oKkt + 1 1+ o2kt (2.53)
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Notice that Eq. (2.53) without its last term is exactly S,e"” =" and, therefore,

T
Cov, (¢ (Xr), Xr) = S;e" 7™ v . (2.54)
1+ o2kt
Then, by virtue of Eq. (2.50), we have
as, = syt + 7V gaw (2.55)
t = Mt 02/<,t+1t ts .

where, again, dW, is defined as in Eq.(2.41). Now, we discover that, for the
particular choice of 02 = 1/T in Eq. (2.55), not only we get

dSr == rSrdt + VSrdWr, (2.56)

but also the information flow process £, turns into a standard Brownian motion, i.e.,

E[tE] = E [(sXT/\/T 4 ﬂxf) (th/JT + ,B,T)]
= (st/T)E [X7] + (s/VT)E [XrBir]
+(t/VTE XrB] + E[BsrBr] xLp)

=s—k 's+i s =5 (2.57)

Yet, there is a more direct way to see this. Once we choose o2 =1 /T,Eq.(2.48)
reduces to

Sy = 1yenySoexp (1 — v?/2) t + vE), (2.58)

where, again, & substitutes for W,, the innovation process. Therefore, with the
special choice of ¢(X7) in Eq. (2.46), we actually end up in a Black-Scholes-type
model of stock price dynamics. Next, we will deal with signal-based derivatives
pricing.

2.3 Change of Measure and Signal-Based Derivative Pricing

In this section, we show how the present signal-based framework can be used to
price derivatives. A standard European call option that is written at time 0 on an asset
which is characterised by the price process in Eq.(2.48).” Assume that the option

2 l)z 1
*Itreads S, = g7} exp (_M(T -1+ (M - ) T+ 2(1+aT2m) + ll)-i\-/(wTZKx?réf)‘
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Fig. 2.1 Signal-based option C (S, — K )* #(Xr)
pricing timeline } / } ;
0 t T
(53 ) 0<s<T

expires at time ¢ and has an exercise price K. The underlying pays ¢ (Xr) € (0, c0)
at time T where ¢ is not an identity. The information process (&;)y<,<7 Will again
be carrying signals regarding the factor X7. Then, the value function for the option
can be written as,

Co=e¢"E[S, — K]"
= e "Elp,(Xr) —K]", (2.59)

where E[-]T denotes expectation over positive values. A simple timeline is given in
Fig.2.1.

Indeed, Eq.(2.59) looks like an “information” analogous to a forward “rate”
agreement (i.e., FIA versus FRA) as, once integrated over all possible values of
¢ (X7), parties in fact contract solely on the time- value of the pricing signal, i.e.,
{£:}0<s<7> which will determine ¢ (X7). Using Eq. (2.12),!° we have

[ +
Co=e"E| e / ¢ (X)7,(x)dx — K:|
- X
[ 1.,2,2 +
/ ¢(X)P(X)e"’(‘”§t—26 x t)dx
= e "E e—r(T—t) X .
/p(x)em(axg,_%azxzt)dx
- X
i +
/ ¢ (x)p (x)dx
= e—rtE e—r(T—t) X x
/ pi(x)dx
- X
- B )
e _(/Xpr(x)dx) /X ("¢ () — K) pr(x)dx:|
i +
S / (e ~K) pr(X)dX} ’ (2.60)
L X

105, = 1{,<T}e_’(T_’) fooo X (x)dx.
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where
o] —1
i) = p)e (20 gl i (/ Pt(x>dX) : 2.61)
0

Proposition 2.4 The process ®, ! is the Radon-Nikodym derivative (in Girsanov’s
sense [17]) of the bridge measure B, under which & turns out to be a standard
Brownian bridge, with respect to the pricing measure Q.

Proof We begin with the dynamics of p, = p(t, £;). Apparently, using Eq. (2.29)"!
for d§; and d [&,, &] = dt, we have

_op(t,&) ap(t, &) 19%p(t.&)
dp, = o dr + 3, d§ + 2 a2 d[&, &]

1 1
|:K,2/T (axé, — 202x2t) — Ky (Zazxz)i| p.dt

1
+x0xp,dE; + ZK,ZUZXZPrd (&, &)

1 1
= |:/<t2/T (axé, — 202x2t) — K (zazxz):| p.dt

_ 1
+i0xp, [dW, — ke, (ET7" — o (Xp)) dt] + 2/c,chzxzp,dt

1
= 202)(2 (Ktz - Ktth_l — Kl‘) ptdt + K302x¢t(XT)ptdt + Kthp,dW,.

(2.62)

The bracketed term in the last line of Eq. (2.62) can easily be shown to equal 0.
Therefore,

dp;

= k0% x¢,(Xr)dt + k,0xdW,. (2.63)
t
Now, we focus on ®,. Since &, := fooo p:(x)dx is basically a function of time,
we can write
do, =d (/ p,(x)dx) = / dp;(x)dx. (2.64)
X X

"1t can rewritten as d§, = dW, — &, (§ 7" — oE, [¢(Xr)]) dr where, again, W, is a martingale
under the pricing measure.
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Accommodating dp,(x) from Eq. (2.63), we have
do, = / (/crzcrzxp,(x)qb,(XT)dtdx + / K,axpt(x)th) dx
X X

= /crzcrzqﬁt(XT) (/ xp,(x)dx) dt + k.0 (/ xp,(x)dx) dw,. (2.65)
X X

On the other hand, it follows from the definition of @, that

[ moa
% @, :¢r(XT)

™ / (0 dx = ¢i(Xp)D,. (2.66)
X

Substituting this back into Eq. (2.65), we have
d®, = 0%k2p? (X7) D,dt + ok (X7) ,AW,. (2.67)
And, as a direct consequence,
d[®,, D] = 0%k Pp2(X7)D2dr. (2.68)
Now, applying It6 Formula to f(®,) = 1/®,, we can show that

U (@ 19f(
df (@) = do; ! = g(¢t’)d¢,+ 5 *afc(pz’)
t

= — & 2042 ®,¢%(Xr)dt — D, 20k, D, (Xr)dW,
+® 3022 (Xr) D2dt
= —0” i} 7 (X)f (1)di — o1 (D)) (X7) AW,
+07 1] (Xr)f (Py)dr
= —ok;¢:(X7)f (P;)dW,, (2.69)

d [qJIs QT]

where the term o«,¢,(Xr) can simply be called as the “market price of risk” (again,
in Girsanov’s sense). Based on Eq. (2.69), f(®,) can be written as

_ 1, 2,2 _
f(cbt)—exp( 0 /;g P (Xp)ds — o A /csqss(XT)dWs), (2.70)



24 2 The Signal-Based Framework

which is the exponential martingale. As a final step, we can define a Brownian
motion W under B, by using Girsanov theorem, as

W, =W, +o0o / Ksps(X7)ds, (2.71)
X

and check whether E® [W,] or £ [Wtcbt_l] is martingale. Apparently, by virtue of
Egs. (2.69) and (2.71),

d(Wf (@) = Widf (®r) + £ (D)W, + d [W,, f(Pr)]
= —i,0(Xr)Wf (D) AW, + (D)W, + ok, (Xr)f (D)de
—K:0P(X7)f (P;)dt
= [1 — Wikio ¢ (X7)f (®,) ] £ (D,)dW, (2.72)

is a martingale. This completes the first part of the proof.
We can verify that & turns into a standard Brownian bridge under B as follows.
If we write W, explicitly in Eq. (2.71), using Eq. (2.30), indeed, we see that

W= 6t [ 6T —o00n)ds o [ k(s

— 6+ (/1) [ Kt @73)
X
which implies
g =W, —(1/T) / kEds  or  dE = dW, — (1/T)k.&dr. (2.74)
X

Note that the differential equation in (2.74) above is the one satisfied by a
standard Brownian bridge B,r over the interval [0, 7]. To see this, consider the

representation in Eq. (2.9)'? without the drift term ¢ (x).

O
We now rewrite option value in Eq. (2.60) under B as

+
Co = e "EB [ / (e T ¢ (x) — K) p,(x)dx:| . (2.75)
X

Assuming that there exists a solution £ (following from the monotonicity of
p:(x) in & as per Eq. (2.61)) to the equality

/ (e T (x) — K) pi(x)dx = 0 (2.76)
X

21t reads d&, = (0¢p(x) — T~ [y k,dW/) dt + AW/ = (0 (x) — T~ 'k,&) dt + dW/.
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for arbitrary ¢, T and K, and knowing that & is a standard Brownian bridge (i.e.,
& = z\/t//c, with z ~ A (0, 1)), we can infer Cy as follows:

2

K| ox: k= Lo 1 _2
—e_"K/P(x)/e (oxen/ui! =10 2')\/ e~ 2 dzdx
X Z

2

K\ ox: K;  —,0°X 1 _2
Co =e_rT/¢(x)p(x)/e’( AL B
X Z \/

— e—rT/ ¢>(x)p(x)/ 1 e—é(ZZ—ZJtK,6x1+tK,02x2)dde
—00 7 27
1 (2 22
_e—rtK/ X / e—z(z —2./tk;0x2+1K10%x )dde
X17() o
1 1 2
— e—rT/ x) (X / e—z(z—JtK,ax) dZd)C
Xaﬁ( p(x) o
1
—e 'K / p(x) / Jzﬂe—%(Z—J’Kf”x)zdzdx. Q2.77)
X Z

As we are interested in the expected value where & > £ (or, equivalently, z >
7*), Eq. (2.77), in fact, corresponds to

Cy = e_’T/ ¢ X)p(x)® (—z* + \/K,tax) dx
X
—e_”K/ p(x)O (—z* + tox) dx (2.78)
X
and
Py = e_”K/ p(x)O (z* — Viitox) dx
X
—e_’T/ P()p(x)O (z* — Vktox) dx (2.79)
X

for call and put prices, respectively, where ®(-) denotes the standard normal
cumulative distribution.

Corollary 2.5 Assume ¢(Xr) is as given in Eq. (2.46).'> Then, explicitly,

(2 (lnfo + ”;T— rt)) (k0% 4+ 1) = V2T

£ =
2K,«/TO’U

(2.80)

Bt reads ¢ (X7) = Sp exp [(;L - ;vz) T+ v\/TXT], where X7 ~ N(0, 1).
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Option value

0 o

Fig. 2.2 Call option value for ranging pairs (o, ). Arbitrary parameters: T = 2, u = 0.05, K =
100, v = 0.2, S, = 100

Figure 2.2 depicts the call option value against a range of values for the
information flow rate o and maturity #, where T is a constant and ¢ (X7) is as in
Eq. (2.46). As expected, greater time frame to maturity implies greater chances of
price exceeding the threshold K. But, again, how do we interpret faster information
flow leading to higher uncertainty and, therefore, higher option prices? At this point,
we would like to distinguish between the pattern in which information has been
incorporated into prices, and “informativeness” of prices in the sense of [22]. As
we shall see in Sect.2.4 later in this chapter, for any r € [0, T], when 07 < 09,
the relation h(¢ (X7)|&%) < h(¢(Xr)|€!) always holds among conditional entropies
of ¢(X7), i.e., &> quickly turns into a less informative signal. Although this might
initially seem somewhat contradictory, pricing of contingent claims is more about
volatility, i.e., the pattern that information is incorporated, and the variability of
signals, i.e., V(&) = (01)>V(Xr) + tk;!, and, therefore, variability of model prices
are increasing in o, leading to higher option prices.

While the present signal-based framework enables chopping up of the valuation
problem into modelling and prediction of market factors, it also reduces the
challenge of explaining price variability to determining (e.g., based on data) how
fast new information is revealed to the market. Since volatility is latent and cannot
be observed directly, it has to be inferred from the data using a certain metric (with
squared deviations from the mean being the most common one). Information flow,
however, is more intuitive and can be modelled more structurally as well as in a
more forward-looking manner.

Figure 2.3 shows the relationship between implied volatility and signal-to-noise
ratio of call options written on two selected tickers, namely, AAPL and MSFT, for
different information maturities 7. Each curve is an iso-maturity and the vertical
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Fig. 2.3 Implied volatility and information flow rate. Options are valued on May 1, 2015, and
mature on August 21, 2015

lines show the Black-Scholes implied volatilities on the valuation date. Implied
volatility has in fact no financial meaning, other than being an additional degree
of freedom to equate the model output to the market reality, and is not sensitive
to forward-looking information. We can infer from the figure that information flow
rate offers a more intuitive substitute to implied volatility, with substitution rate
decreasing as T increases, and allow us to make observations such as “information
is flowing more rapidly/slowly to the market,” not just “market prices imply a
higher/lower volatility.”

2.4 An Information-Theoretic Analysis

Another intriguing question at this point would be how much information about
¢ (Xr) is carried in signal &, at time 7. This would help us measure the change, both
w.r.t. time and different values of the flow parameter o, in the amount of information
carried by &;.

We can write the Shannon [31] entropy (which is a special case of Renyi [29]
entropy) of & as

W) = — / P(&) log, p(&)dE, = —Eye [log, p(E)] 2.381)

where h(-) > 0 almost surely, and & € &, i.e. the support of & (see, e.g., [16]).
Thus, in general, the greater the variance of &, the greater its entropy will be.
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In the present framework, however, we are more concerned about information in
a bilateral sense. In this regard, ‘joint’ and ‘conditional’ entropies are defined as

W (X)) = — / /X P& x) Togy p(Er X)rdE) = —E .o [log, (& 9]

(2.82)
and
Wl (Xr) = — /}; ( INCE 1og2p(sf|x)ds) PO
. /X / P(rx) logs p(E V) dE,dx
= By ll0ga p(&IX)]. (2.83)
respectively, where
32
PED) = 1o Q1 <) N G0x) <)
2
— e Q6 < 6100 <X QUK <
— p(EID(XT) = V(o)
or. = p(xlé = E (). (2.84)

Using Eq. (2.83), we can work out the following property:

hEl () = — /X ( / P& log, ” ("'If(l’)’ &) dst) p()dx

_ / / p(&.x) logy p(x|£)d dx + (— / p(E) 1og2p(s,)dst)
XJE C

- (— / px) logzp(x)dx)
X

= h(¢X7)[&) + h(E) — h(¢(X7)), (2.85)

which directly implies

¢ (X)) — h(p(Xr)|§) = h(&;) — h(&|¢(X7)). (2.86)

It is straightforward to see from its definition that, V¢ < T, &, is of higher entropy
(more uncertain) without the knowledge of ¢ (X7) than with it and, therefore, (&) —
h(&|¢(Xr)) = 0 should hold. This means, in turn, by virtue of the left-hand-side of
Eq. (2.86), that ¢(X7) is of higher entropy (more uncertain) without the knowledge
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Fig. 2.4 Evolution of conditional entropy /(¢ (X7)|&,) over time and across information flow rates
0. Arbitrary parameters: T = 2, ¢(X7) = Xr ~ N (0, 1)

of & than with it otherwise (we’ve already used this latter property in Sect. 2.3). To
illustrate this point further, we depict in Fig. 2.4 the evolution of conditional entropy
of ¢(Xr) with respect to &, i.e., h(¢(Xr)|&), for different values of o. Note that
h(¢(X7)|&) decreases both as the signal & (for a given o) reveals more information
in time, and as its quality, i.e., o, increases (for a given ?).

‘Mutual information,” on the other hand, measures the amount of information that
& contains about another random variable ¢ (Xr), or vice versa, and corresponds to
the reduction in the amount of uncertainty of one variable due to the knowledge
of other. Mutual information (/), in fact, corresponds to the ‘relative entropy,” or
Kullback-Leibler Distance, (D) between p(&, x) and p(§)p(x), i.e.,

169 r) = D(pE D Ip©P) = [ /X p(€.3) log, p’g]’gﬁ)dw
= By [lng p’;gpﬁ )] (2.87)

where I(§,¢(X7)) = D(p(&.x)||p(§)p(x)) > 0 almost surely.'"* Furthermore,
a direct relationship between joint entropy (&, ¢ (X7)) and mutual information

4We complete the definition (2.87) by adding the conditions 01n (0/0) = 0, 01n (0/p(:)) = 0,
and p(-) In (p(-)/0) = oco.
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1(&, ¢ (X7)) can be established using Egs. (2.82) and (2.87):
1. (X)) = / /X p(&.x) logy p(&. x)dedx — / p() log, p(6)dé

- /X p(x) logs p(x)dx
— h(E) + h (X)) — h(E p(X1). (2.88)

In the present context, since S, is an invertible function of &,, we can also show

that I(§;, ¢ (X7)) = 1(S:, ¢(X7)) (cf. [12]).

2.5 Single Dividend—Multiple Market Factors

We leave the case where the asset pays multiple cashflows to Chap.5 and focus
on the case where asset pays a single dividend that is, this time, determined by a
multiplicity of independent market factors, i.e., X Lo, X7, and, therefore, multiple
information processes E,l, ..., &" Then, S, is given by

S = lyenye "TOE [¢r(Xp, ... XPIE .. €]

= 1yopye 70 /X /X dr(xr, .. X)) (1) - T () dy . d,

where, again, 7/ (x)’s are the posterior density functions as in Eq. (2.18)."° Similarly,
multi-factor analogue of d¢ (X7) in (2.49)' is given by

dp(X}.....X7) = Y o'k, Cov, (¢(Xr.....X7). X})
i=1
(kT (& — o' TE, [¢ (X7, ... XP)]) dt + dE]) . (2.89)
where Cov} := Cov [¢p (X, ... X0"). Xb|E! ... &"]. We, again, define

AW! £ i, (8T — o', [p (X, ..., X)) dr + dEf (2.90)

31t reads ,(x) = p(x)e"’(”"ffmfé”z"z’)/ Jx p(x)est (oxti—30%%1) g
151t reads dg (Xr) = ok, Cov, (¢ (Xr). X) [ (7716, — 0, [ (X)) dr + ).
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or, equivalently,

W,é§,+/ ks (&/T — oEsp (X, ... . X})) ds. (2.91)
0

Equation (2.90) enables us to simplify Eq. (2.89) as
dp(X].....X7) =Y o'k, CovidW;. (2.92)
i=1
Since S, = 1yepye " T p (XL, ..., X%, in a similar sense to Eq. (2.28), we can
write the dynamics dS; as
dS, = uSde+ Y Aldw;, (2.93)
i=1

where we again used the definition A! := ¢ qgik,Cov'. This implies that the
overall absolute volatility at time ¢ is

m 1/2
A, = (Z(A;’)Z) . (2.94)

i=1

Equation (2.94) is quite telling in the sense that it enables us to decompose the
absolute volatility at time ¢ into its unhedgeable stochastic volatility components
(see [24]).
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Chapter 3
A Signal-Based Heterogeneous Agent Network

Trade can occur on purely informational causes. In [6], for example, we are shown
that there are situations in which both parties are strictly better off under a trade
executed solely on the basis of their individual information.! The literature on the
dynamics of heterogenous markets is still in its infancy but actively developing.
Indeed, one can be overwhelmed by the task of handling a very broad spectrum
of aspects where agent-level heterogeneity can arise, such as risk aversion levels,
degrees of rationality, patience, beliefs, and information gathering, processing skills,
and so on.

A detailed classification of different market microstructure models, on the other
hand, is given in [10] which is beyond the scope of the present chapter. However,
we start with a review of the selected literature. In this regard, Table 3.1 provides
a summary overview of the literature on equilibrium information-based agent
networks.

Perhaps one of the earliest sequential (discrete) trade models is the one described
in the work of Glosten and Milgrom (cf. [15]), where an attempt is made to
explain bid-ask spread as a purely informational phenomenon that is believed to
be arising from adverse selection behaviour encountered by less-informed traders.
The informational properties of transaction prices and the reaction of the spread to
market-generated as well as other public information is also investigated. One of
the interesting implications of this model is the possibility of market shutdowns due
to severe informational inefficiencies. This is similar to the “lemons problem” of
Akerlof [2]. The informational content of prices and the value of extra information
to the holder are also examined in the work of Kyle (cf. [18]) through sequential
as well as continuous auction models. Moreover, the latter two seem to converge
as the trading interval gets smaller. One interesting result of the model discussed in
[18], and to a certain extent in [15], is that modelling innovations as functions of
quantities traded is found to be consistent with modelling price innovations as the

IContrary to, e.g., [16, 19].

© Springer International Publishing AG 2017 33
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consequence of new information arrivals. The ‘informativeness of prices’ (which
is complementary to the amount of information which is yet to be incorporated
into prices) in the context of [18] refers to the error variance of future dividend
given the market clearing price. The question is how intensively the agent, given his
superior signal, should trade over time to maximise his profit given his actions might
disturb the market (i.e., prices and depth). This model is later on extended in [3] to
general continuous distributions for the dividend. Then, a modified version of [15]
in continuous time, where ‘bluffing’ (i.e., mixed strategy) is also allowed, is shown
to converge to, again, a modified version of [18] with a random signal deadline in
[4]. A rather game-theoretic approach to signal-based trade is taken in [6] where,
this time, the dividend is let endogenously be determined by the action of the agent
and its correspondence with the realised fundamental. The signals, in this case, are
related to the action that needs to be taken. A sufficient level of signal precision is
found to be necessary and sufficient for establishing the case where both seller and
buyer are better off from trade in expectation (referred to as “common knowledge
of gains from trade” in [6]), which is the equilibrium.

So far, there is no explicit mention of the dynamics of information flow, which
is the subject of heterogeneity, and it is understood to be an ‘immediate access’
to a publicly unknown value ¢(X7) without any noise component. Building on
[3, 18], a learning component is added in [5]. This means the signals are now
long-lived with a signal-to-noise varying in time. Although this made possible
the mentioning of information ‘flow’ in its true meaning, the interpretation of
‘learning’ through signal in [5] is slightly different in that when the noise-to-signal,
i.e., reciprocal of signal-to-noise, is large, this means the agent is learning a lot.
Yet, interestingly, given the total amount of information disparity in favour of the
more informed, the pattern in which the information flows is found to be rather
irrelevant in equilibrium. Later on, the long-lived signal process is associated with
a exponential distributed random deadline (as in [4] earlier) in [12]. In fact, a
random deadline changes the way the strategies for exploiting extra information
are structured in various ways, with one way being that agents do not rush to unload
their information before it becomes useless and, accordingly, trade frantically as
deadline approaches. Backward induction methods of dynamics programming are
also rendered inapplicable.

Perhaps the most interesting alternative to the models of ‘diverse information’
models (where agents do generally share the same probability measure but work
over distinct probability spaces) are those of ‘diverse beliefs’. One way to account
for the diversity of beliefs is through equivalent (i.e., defined over the same filtered
probability space) probability measures which reflect agents’ personal beliefs on
the true value of the dividend, as in [9]. This is maintained by likelihood ratio
martingales (or, density processes). Interestingly, the equivalence of the latter two
models is established, even without a particular choice of explicit signal structure
for private information. And, not so interestingly, the greater the diversity of beliefs,
the larger the volume of trade is. A similar approach is found in [13] where an
equilibrium is established in terms of ‘surviving agents.” In a belief-heterogeneous
market, the surviving agent is found to be the one who is the most rational. Last
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but not least, in cognisance of the important role played by dynamic optimisation
in approaching heterogeneous financial market equilibrium problems, we underline
two recent accounts of the latter, i.e. [11, 14], where how, in a market of two agents
with heterogeneous characteristics, equilibria for various quantities can be found by
means of a single backward-induction algorithm is vividly shown.

The approach in the rest of this chapter to being informationally (dis)advantage-
ous is analogous to the one in [7, 8]: we do not view the state of being informa-
tionally (dis)advantageous as (not) having immediate access to the future value of
a variable which is unknown to the public information. We rather view it as having
access to efficient streams of information or, equivalently (cf. [1]), being more
capable to compile and process large and complex datasets out of publicly available
information. Both of these are associated with a higher o of £ in the context of
Chap. 2. Yet, in the sense of [9], the present framework can also be seen as a diverse
belief model where beliefs are shaped in time by information itself.

3.1 Model Setup

We assume that there is a pure dealership market comprising risk-neutral agents with
heterogeneous informational access. For simplicity, and w.l.0.g., we assume there is
a pair of agents, j = 1,2, with access to the filtrations £, £2, and a single risky

asset with payoff ¢ (X7) not being measurable w.r.t. ]—',E ,t < T. We also assume
o] < 0y, i.e., agent 2 is informationally more susceptible than agent 1. In our
dynamical model, for simplicity of analysis, we suppose that agents trade with each
other futures contracts on the single risky asset at sequential auction times ¢; € [0, T
fori = 1,2,...,m, without any intertemporal consumption and exogenous wealth.
Both agents simply follow a buy-and-hold strategy. In this setup, execution of trades,
besides a potential profit or loss, results in two things. First, they help, e.g., the
central-planner, consolidate? information sets of agents at time #; to have a joint
information bundle 6¢ = o (£', £?). Second, the competitive market price will be
discovered immediately. Below we will analyse the latter two separately. Limit
orders are cleared by a Walrasian matching engine (as in [11]), which can be deemed
a central-planner in the context of [9] or a group of competitive market makers. The
central-planner aims solely to maximise the overall expected profit (or, utility) of
agents.

We also note that, for any given ¢ and a priori density p(x), the price is a function
of £ and 0, i.e., S; = S(§, o). This means, if S; is observed, then one needs to know
o to be able to back out &. Without knowledge o, the observer cannot infer how
reliable an observed sample of & is.

2Here we emphasise the term ‘consolidate,” since how information is consolidated will be one of
the key questions in our algorithm.
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Moments before the sequential auction time ¢#;, agents, having observed their
signals, submit to the central planner the bid and ask prices at which they are willing
to trade. One key property of our model is that an agent may not necessarily know
his signal is superior (i.e., agnostic) and the agents will be able to infer each other’s
prices, and also information (unless they are ‘omitters’, as described below), when,
and only if, a price match occurs and a clearing price is set. Otherwise, limit orders
are kept with the auction engine (i.e., closed limit order trading book). This also
rules out ‘bluffing’ (cf. [4, 12]).

Individual bid and ask prices are based on the signal-implied prices worked out
by virtue of Eq. (2.19) and trade occurs whenever

¢TSI >cTS? or ¢TS2>cts! (3.1

with ¢~ and ¢ T being the constant bid and ask multipliers, respectively, where ¢ = <
1 and ¢* > 1. Obviously, if Eq.(3.1) holds with equality, i.e., if ¢ =S} = ¢*5? or
g_S,2 = g+S,1, then the market price S} will be discovered directly. In case of an
inequality, under risk-neutrality assumption, the market will clear at the mid-price?

_SSiHSTSE TS 4TS

S
2 2

3.2)
The initial contract holdings of agents, as denoted by 6‘6, j € {l,2}, are set to 0.

Here 9[ denotes the total time-f net contract stock held by agent j. We also define
0, = Zj &/ as the total net contract ‘stock’ held by the central clearing at time z.
Accordingly, total net order ‘flow’ at time ¢ should be A6, which is given by

AG=) A6 =) 4l=q (33)
J i

for some trading process (q! Jo<i<T, given by

(4 sy
gl = q .S <S" (3.4)
0, otherwise,

with q‘,H_ > 0, q,j_ < 0. Market clearing conditions imply ¢, = Zj q,j = 0 and,
therefore, 6, = 0, V¢ € [0, T]. Now we define the increasing process (s;):e[o.17, i.€.,
the time of the last trade prior to time ¢, as follows:

s, = supf{s : s < 1, |q’| > 0}. (3.5)

3In [11, p. 7], the authors elegantly elaborate why the real-world interpretation of the price posted
by a Walrasian auctioneering computer is the bid-ask midpoint.
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It is apparent that s, is 0 if = 0, orif # > 0 and ¢/ = 0 Vs € [0, 7). The ex-post
(i-e., at contract expiry) profit/loss of agent j coming from time ¢ transaction can be
written as

I = Lo s{>s,*}q‘r'+(X -5 + 1HH{S§<S;k}q,f‘(X -8+ (3.6)

. J= . J+
le{Si<St*}qt (X - St*) + le{S{>S?<}Qt (X - S;k)
(or, simply) = q;(X — S;k), (37)

where S is as in Eq.(3.2), and H and L denote high- and low-type markets,
respectively (cf. [18]). Equation (3.6) is based on the correspondence of signal and
reality. Market clearing conditions again will require IT, = Zj IT, = 0Vt € [0, T].

3.2 Numerical Analysis

We now present some numerical results based on the setup above. Let |q,j | € {0, 1}
and assume, in this first scenario, that both agents are “omitters” (or, “stubborn
bigots” of [9]) who never change their mind and simply execute trades according to
the following recurring procedure: (1) Observe signal £ . (2) Quote signal-based bid
and ask prices. (3) Let the central-planner determine—using the pre-announced and
legally binding matching rule (3.2)—the trade direction, if any, and the transaction
price (which are then revealed to the agents). Note that agents execute trades
“without” learning from each other—who could, otherwise, update their likelihoods
p(&]x) as we will see later on—and continue to rely solely on their own information
sources.

In Fig.3.1, where the true fundamental value of X is set to 1, we illustrate
one possible path of such a scenario. Despite a bid-ask margin, occurrence of
trade is highly likely in this case as agents do not learn from each other and as
personal value judgements diverge. The informationally more (less) susceptible
agent, though unknowingly, keeps trading in the right (wrong) direction due to
superiority (inferiority) of his signal. Note from Fig. 3.1 that even after the agent
with better signal discovers the asset’s true value (around auction 5), he is still able
to execute profitable trades thanks to the matching rule. Figure 3.2, on the other
hand, shows the profit-and-loss (P&L) results of such a scenario for each time step
averaged over 103 simulations, where the number of auctions is increased to 100.
We note at the first glance that the qualitative behaviour of the P&L agrees with the
qualitative behaviour of the magnitude of extra information held, presented through
our information-theoretical analysis in Sect. 2.4 of Chap. 2 of this book, as well as
that in [7].

On an additional note, when multiple (>2) agents with various informational
capabilities are involved in the market, our numerical results presented in Fig. 3.3
suggest that, while P&L continue to agree with the qualitative behaviour of the
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Fig. 3.1 Sample evolution of information-based transaction prices in scenario 1 (q!| € {0, 1}).
Arbitrary parameter values: T = 1, At = 1/10, r = 0.05, o € [0.5, 1.5], and ¢ (X7) € {0, 1} (i.e.,
true value is set to 1) with po(x) € [0.5,0.5]. The dotted lines are bid and ask prices based on S¢ ™

and Sc T, respectively, with ¢ € [0.95, 1.05]
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Fig. 3.2 Evolution of information-based transaction P&L averaged over 10 path simulations and

based on parameters from Fig. 3.1, except that Ar = 1/100
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Fig. 3.3 Evolution of information-based transaction P&L of multiple agents averaged over 10
path simulations and based on parameters given in Fig. 3.1, except that At = 1/100

magnitude of extra information held by the agent, it is also distributed between
agents proportional to the quality of their signal (particularly once the differential
informational reaches an adequate level).

Yet, the exchanges generally do not operate quite this way. A more realistic
scenario would be that agents are “attentive” and infer their counterpart’s posterior
n{;t (x), and, therefore, likelihood p(gé't |x), from their price quote at time s,. This
would mean having partial access to a larger o-algebra, 6 (&,,), generated by the
join* of o(£}) and 6 (£}), i.e.,

a(E)=0() Vo). (3.8)

Once agent j gains partial access to 6(&?1), he updates his posterior from rrgt (x)
to 77} (x) (by updating p(& |x) to p(&],|x), i.e., the effective likelihood), which will
be again of the form

pPPE, )

7 (x) = ' .
/ POP(E 1)dx

X

(3.9

“Note that the union of collection of sigma algebras is not always a o-algebra or even an algebra.
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Note that we intentionally avoid the notation p(§ Slx, §|x), and use 1'7(5{;’ |x) instead,
so as not to mean that one party’s signal is directly observable to the other at the
last auction time s, (which is also not needed). By virtue of bi-dimensional normal

. - i . 1 2 . . .
density, p(§] |x) or, effectively, p(§; , & |x), in Eq. (3.9) can be written in the form

1
27 (s1/ 1) /1 = p?

1 (Syl, - lest)z
P T2 s/,

) (_1 —2p(&) — o1xs,) (E7 — ozxsf))

p& . &%) =

2 (1= p?)si/ks,

1 (&2, - szst)z
- exp (—2 (1- pz)S[/Ky,) , (3.10)

with |p| < 1 denoting the correlation between &} and &. conditional on x.”

Finally, we note that, in the present setup, the effective information c'r(g{t) can
be worked out only after (not before) the trade at time s,, which renders it literally
‘useless’ until the present auction at time ¢. Therefore, before submitting an order at
time ¢, having observed a new signal £, the agent will need to update his effective
information to 5 (&) = o (£}) \/J(E‘i) (e.g., foragent 1) or J(E‘Ylt) Vo (€2) (in the case
of agent 2). Also, since &, is Markovian, for an agent, partially accessing the signal
sample ggt of his counterpart will be as valuable as partially accessing his entire

signal history (g{)Y < Accordingly, right before the auction at time ¢, the ‘useful’
effective likelihood p for agent 1 will be

1
2 s/ — B

1 (s,//cs,)(étl — let)2
P (_2 (1- ﬁz)(t//cr)(Sr/Ks,))

( 1 =2p(§! — o1x) (82 — oaxs)) / (¢/1c) ¢<st/xx,))
exp| —

p(E . E2Nx) =

2 (1= p*)(t/ k1) (s1/ks,)

( 1 (1) (82 — o2xs)? )

B 3.11
2. (1= p)(t/Ki)(s1/Ks,) o

SNote that when p = 1, assuming o] # 0, the central planner will only need to solve two linear
equations, with X and f8,_ being the two unknowns, to get instant access to X.
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. 1 2 o . 2 o A .
where we used the relation 8] = pf; + V1= p2B,,, with B, L By, tofind p, ie.,
the new correlation structure between £ and 552, given x, as follows:

Cov(B/.B2)

081082
_ Cov(pB? + V1 —p*Bi. B2)
\/I/Kt \/ST/KS,

_p Sl :p\/sf o (3.12)
\/t/Kt\/st/KSt t Ky

with p being same as in Eq. (3.10). We note that p is a decreasing function of time,
as expected, and also that, when p = 0, Eq. (3.11) simply reduces to

b=

1
27t\/t//c,\/s//c5,
1 (s;/Ky) (&) — o1x1)?
® (_ 2 (/) (s/s,) )
1 (f/Kt)(gsz, — oxs)*
2 (t/’(t)(st/’(x,) ’

p(gtl ) vz, lx) =

(3.13)

which also reduces to p(é} |x) when s, = 0 (no trade). The signal-based price of
agent j, S/, is then given by

S =E [X|a(g{)]. (3.14)

Accordingly, the new trading procedure is as follows: (1) Observe signal Eii .(1a)
Work out 5 (£/). (2) Quote signal-based bid and ask based on effective information.
(3) Let the central-planner do his work (same as (3) above).

One realisation of this second scenario is depicted in Fig. 3.4. At the first glance,
learning seems to have decreased profit margins substantially (i.e., to a level where
they are often eaten up by the spread, preventing trade). In Fig. 3.5, we again show
average stepwise P&L of agents over 103 realisations. It is apparent from the figure
that the informationally more susceptible agent is no more able to extract rents that
are as large as in the first scenario (see Fig. 3.2), although he is still able to maintain
some modest profits. His ability to maintain modest profits is most likely due to
the lag in the learning process as there is still a room for the superior signal to
provide the agent receiving it with extra information in-between auctions. The huge
difference between the outcomes of two scenarios, i.e., “omitter” and “attentive”,
implies that, when each agent deems his own signal superior, there might exist
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Fig. 3.4 Sample evolution of information-based transaction prices along a sample path in scenario
2 (lg!| € {0,1}). Arbitrary parameter values: T = 1, At = 1/10, r = 0.05, o € [0.5,1.5], and
o (X7) € {0, 1} with po(x) € [0.5,0.5]. The dotted lines are bid and ask prices based on S¢— and
Sct, respectively, with ¢ € [0.95,1.05]
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Fig. 3.5 Evolution of information-based transaction P&L averaged over a series of 10 path
simulations and based on parameters given in Fig. 3.4, except that Ar = 1/100
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Fig. 3.6 Learning process: Bayesian updating of posteriors JT{ (x) averaged over 10° path simula-
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Fig. 3.7 Learning process: Bayesian updating of posteriors n{ (x) averaged over 10° path simula-
tions and based on parameters given in Fig. 3.4, except that Az = 1/100

optimal strategies where agents can still be “attentive” but, this time, choose which
time to reveal their information through trade.

To conclude this section, we compare, in Figs. 3.6 and 3.7, the impact of allowing
mutual learning on the speeds at which the two agents discover the true fundamental
value of the asset. In the case where the differential between information flow speeds
is high (refer to Fig. 3.6), learning seems to work more in favour of the agent with
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less superior signal with little or no benefit to the agent with a superior signal,
whereas, when the differential is minimal (cf. Fig. 3.7), both agents equally benefit
from sharing their information via trading.

3.3 Signal-Based Optimal Strategy

The P&L figures provided in Sect. 3.1 are ex-post, i.e., calculated at the terminal
date. In reality, when they trade, agents do so based on their signal-based expecta-
tions about the true fundamental value to be revealed at time 7. They learn whether
their earlier trades in futures contracts turned out to be a profit or loss again at time 7'.
This, in fact, establishes the main argument which calls for the existence of optimal
choices of trading times which maximise their signal-based expected profits: both
agents believe that their trades will make them better off (or, there exists ‘a common
knowledge of gains from trade’ in the sense of [6]). Throughout this section, we will
regard the agents as ‘attentive,” and assume ¢ = 1.

3.3.1 Characterisation of Expected Profit

We recall from Sect. 3.2 that, just before the auction at time ¢, the agent j observes
the value of his signal and works out his effective information & (£/) before he makes
a judgement of the asset’s value. Assuming X € {X’, X"} and, again, |¢/| € {0, 1},
the expected (ex-ante) profit of agent j from his possible trade at time ¢ can be
decomposed as follows:

B[] = Plgolx™ ~Ej[sle] | - Pl —Ei[s7ie] | (19)

with P,j (&) and P,j (&.) being the chances of agent j getting correct and erroneous
signals, i.e., & and &, at time ¢, respectively. And, again, E,[-] = E[-|5(&;)]. More
formally,
P|(€.) = P/(H)P/(¢.|H) + P/(L)P/(£.|L) (3.16)
= P/(H)P/(S] > Sf|H) + P/(L)P/(S] < SF|L),
P/(€.) = P/(H)P/(&.|H) + P/(L)P/(t.|L) (3.17)
= P/(H)P/(S] < Sf|H) + P{(L)P/(S] > SF|L),
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where, again, H and L denote high- and low-type markets in the sense of [18], and

(E|H) == (S} > S*|H), (&IL) := (8] < S*|L)
(EJH) == (5] < S*|H), (&|L) := (S > S*|L). (3.18)

Then, Eq. (3.15) can be written more explicitly as follows:
B} [1¥] = Pl (Pl ) (X"~ B [s71H.&])
Pl IH) (X" —E][S71H.£]) ) +
Pl (PieIL) (B [s71L.&] - X))
Pl IL) (BEI[S7IL&] - X)),

(3.19)
where
. . f (.08 xp)
Pi(H) = Pix"y = _ "¢ L
D ke pre 0o 0
. . if (.08 x1)
Pl =Pixh= _ 7° (3.20)

> etnny e o

with f(t,0.€,x) := o&x — (1/2)0’x’t. When the payoff, ie., ¢(X) = X, is
continuous, however, Eq. (3.19) implies

g [1]] = el ([ (Pleedio (= Ells; ol 5.)
—Pl(&|H.) (x—E][S; (01H.£]) ) wl* (0dx) +
Pl ([, (Pl (5[5 01,60 )
—PlEIL) (EI[STWIL&] —x)) 7 (), (32D

where X" = (S5, Xmax) and X' = Xmin, S0); Jr,j * and Jth_ are normalised posteriors
for high- and low-type markets, respectively; and, at this time,

P/(H) := / 7! (x)dx, and P/(L) := / 7! (x)dx. (3.22)
X” X[
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The notation S(x) is used to denote E[X|& (x)], i.e., the signal-based price of the
agent when the actual signal is pinned to the value x. In a nutshell, expected profit
of the agent is decomposed, through Eqs. (3.19) and (3.21), into two components,
i.e., whether the agent’s signal is pointing at the right (wrong) trade direction and,
in that case, what the expected profit (loss) would be.

3.3.1.1 Trading Signal Quality: Digital Dividend
Assume, without loss of generality, that X € {x¢,x;}, with xp = 0, x; > 0 and the
prior knowledge of the pair (po, p1).® Let the true value of X be x;. Equation (3.19)
implies
Bj[1H] = Pl (Pl (v — L [S7 () &)
—Pl(Elx) (xi —EL[STlE]) ) +
Plxo) (P (Eelvo) (B ST (o) ] — x0)
—P (o) () [87 (o) |&] = x0) ) (3.23)
We can calculate the likelihoods of receiving a correct trade signal for agent 1
when s; = 0 (i.e., no trade until #) in high- and low-type markets, respectively, as

follows:

Pi (&) = P (S/ (x1) > 57 (1)) = P (S/ (x1)/2 > S7(x1)/2)

Zk—l 5 xkpkemf(r,m £ x) Zk—l R xkpke'(‘f(r’ngz’xk)
= P - =1,
Zk:l zpkemf(r,m £ ) Zk:l zpke’(tf(’ﬁ%fz’xk)
(3.24)

A straightforward calculation yields
Pl(E|x) = P (x1 pred ol (poemm £0 4 plemr,al,s‘m)

> xyppedCoE ) (poe'c‘f(""z’éz’o) +ple"zf(t,az,52,x1)))

=p (enﬂrm,s‘,xl>+nf<r,oz,sz,0> > ekaf(fﬁzqum)+Kxf(f,01qflqo))

%Note that any binary payoff structure X € {xo,x}, x; > X, can be simplified as {0, x; — xo}, a
property which will simplify our calculations.
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=p (e"‘f o gl g (’*”2*52”‘1’) (note f (1,0, £,0) = 0)

P(kf(1,01,& l,xl) > Kk f (2, az,éz,xl))

1
2, .2 2 2.2
P Ullc,E, X1 — 01 Kexyt > ook§ X — Zcflet/c,

1
=P (cfmé, oruiEl > xti (of — 022))
(O’lK, ( 7!+ o1 t) — 02Ky (Zz \/th_l + 09x1 t)

1
> it (of — 022))

1
=P (01 Vikiz — ootk > SNk (05 — 012))
— e (1 xitk; (0f — 03)

" (t<T), (3.25)
2 (02 +03)" (m)‘”)

where, again, ©(:) is the standard normal cumulative distribution function.” The last
line simply follows from z; L z, and z;, ~ N (0, 1). Similarly, by arranging the
last three lines of Eq. (3.25) and changing the direction of inequality from > to <,
we can indeed verify that

P} (Eclxo) = P} (Ec|x1) (3.26)
and, moreover, by virtue of convex combination in Eq. (3.16), that
P () = Pj(Eclxo) = P (5cly). (3.27)
Equations (3.27) and (3.25) then directly imply
PlE) = 1= P(E) = Pi(&). (3.28)
Thus, the chances of agent j getting a correct (or erroneous) signal are the same

no matter if the market is bullish or bearish, and one agent’s success is the other
one’s failure, as expected. We now generalise Eq. (3.25) to the case where agents

"Note that, in Eq. (3.25), we inherently employ the basic relation P(x > b—a) = 1 —O(b—a) =
O(a — b).
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did already exchange their information through trading, i.e. s, > 0. Setting s, = s,
Eq. (3.25) can be rearranged as

Pl(&|x1,5) = P (xlplesz(t,m,E‘.n)-f-/cxf(s.rrz,éz,m) / (po + plesz(tm.él.X1)+K.xf(x,oz,52,x1))

> X1p1e

if (1028 x)f (o8 x) (po T pre

nf(r.,oz,éz-,xl)mf(s.m.s',m))

—p (ean(t-Ul-EI-X1)+st(S~,02~§2~,x1) > ean(t-szz-Xl)-Fst(&,Ul~§1~,x1))

= P (kf(t.01.E" . x1) + k(5. 02. 6%, x1)
> ke (1,02, 6, :1) + kof (5, 01,6, 1))

1 1
1 2 1 2
=P (allctét — opxitk— | o1kE — 201X1SKs

2

1 1
> azlc,é'tz - zazlet/c, - (02/(\.53 - 2022X1SKs))
=P (01 (Ktétl KsE, ) al x1 (tky — sK)

> 03 (k& — KiE7) — szl (1, — sk, ))
)

=P(01 (Kt (oltxl +ﬂt) K (01SX1+ﬂ
—05 (k¢ (0atx) + B7) — ks (02531 + BE)

1
> 55 (trc; — k) (012 — 022))

)
)

=P(ol (B} —sBL) 02 (87— :62) > 31 (1 = 5,) (03 —of))

! 1
P ((Glszzt/Kt - (712’%23/’(\-) - (Gzthzt/K, — (7§/cszs//cs)2 &)

2

_ o 1 x(t, — sky) (07 — 03)
2 (of +03)" (16, — )2

> lxl (tr; — sk,) (03 —012))
) (5,1 <T), (3.29)

which, again, implies

® PTI(SCIX(),S) = P}(SCI.XI,S),

* Pj(&ls) = P|(5l|x1,5) = P|(§]x0,5), and
o PiEls) = 1= Pj(ls) = P{(Eels).
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Note that neither P! (&.|x1) in Eq. (3.25) nor P! (€.|x1, s) in Eq. (3.29) is a function
of the value of agent j’s specific information at time ¢, i.e., 5 (£)), but rather depends
only on the differential between information flow speeds, o; and o, (or, how agents
perceive it), and the spread of X.

Equations (3.25) and (3.29) indeed reveal a number of intuitive properties, which
agree with the analyses in Chap. 2 and earlier in this chapter, such as: (i) the larger
the differential |0y — 02|, the more likely the agent with superior signal will get a
correct signal (&.), (i) with |0 — 02| given, the agent with superior signal will prefer
more uncertainty (i.e., greater spread for X) to less uncertainty (i.e., smaller spread
for X), and (iii) with |07 — 07| and spread of X given, refraining from a trade will
always result in greater chances of getting a correct signal (although there will be a
cost to refraining).

To complete the case where the contract pays a binary dividend, we state, by
virtue of Eq. (3.30), the expected ‘profit-to-go’ of agentj at time #:

ZE [10,] = 3 Pl (Blteon s (11— B3

u=t

—Pl(En) (1 — B[S lg]) ) +
i Pl(xo) (P 6ckvo) (B [S) o)lE] =)

P, Elxo) (BI85 Go)l&] ) ). (3.30)
Note that we preserve the subscript # for p/ and [/ as they will be inferred based

on the effective information at time 7, i.e., 5(£/). Below we generalise the above
results to the case where X has a continuous distribution.

3.3.1.2 Trading Signal Quality: Gaussian Dividend

We first redefine the likelihoods of high- and low-type markets (see Eq. (3.22)):
Pty = [ adwax ooy = [l (331)
x+ X~

where Xt = (0,00) and X~ = (—o00,0). By virtue of Eq.(2.42) of Sect.2.2.1,
where we define the signal-based price when asset pays Gaussian dividends, the
chances for agent 1 having right trade signals in high- and low-type markets can be
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found, in the same manner as Eq. (3.21), as follows.® Let X = x, x > 0,
Pl = [P0 = stomtwac= [ Pslo/2 > S0 /2w

X X

1 o1k . 1 ok N ) I+
= P — >0 dx
- (2 o2+ 15D T g g2 4150 > 0T

L ok 1 1 ok 5 ) i+
= s +pB)— tx+ B?) >0 dx
x+ (2012“{,-{-1 (le 'B’) 2022th+1 (sz 'Bt) (%)

1 ook
2 azzt/(, +1

(1 o1ky
= P 2
X+ 207t + 1

1 o’ o?
> x|, 2 - 5 ! n,H'(x)dx
2 oyti; + 1 oyt + 1
2 2
1 1 _ 03
ZXIKI (Ozth1+l olth,-‘rl)

\/I/Ktzl - \/I/Ktzz (@1 L 22,212 ~ N (0,1))

= (S} 5 ) 7tt1+(x)dx
X+ 1 [ o
2/t \/( rrlzn(,l—i-l) + (ozzm,z-&-l)
= 0 (— a’x) 7t,1+(x)dx (a;, b > 0,x > 0), (3.32)
X+ b,
where 7;* is the normalised density,
1 o3 o}
a = tK,(z 2= ) (3.33)
2 oyti; +1 ot + 1

and

1 o 2 o 2\ /2

1 2
b, = tx + . 3.34
! 2\/ t((oltht+1) (Gztht+1) ) ( )

Accordingly, for a low-type market, it can be shown that

t

Pl(eIxT) = /X © (Z’x) 7 (@dx (anb, > 0,x < 0)

= /+ ® (—er) ntH'(x)dx (a;,b, > 0,x > 0)
X '

= P}(E|xT). (3.35)

8We use the property that the price process S, is Gaussian when X has a Gaussian terminal
distribution.
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If s, = s is non-zero, in which case Eq. (2.42) takes the form

1 2
—r(T—t) athgt +02Kx§5

) 3.36
alzlc,t + CTZZKSS +1 ( )

Stl = ]l{t<T}e
we find P! (&.|xT, 5) as

Pl(Elxt.s) = f PUSI () > S0 1)7, (o)
X+

= /+ PL(SHx) /2 > S2(x)/2|s)7 ! T (x)dx
X

_[ » (1 okl + ookl 1 ookl + o1k
X+

>0 ) 7!t (x)dx
20tk + o3sks + 1 202tk + ofsky + 1 ) )

P (1 ok (ortx + B 1 oikg(orsx + B
x+ 2 alzt/c, + azzsxx +1 2 UfSKx + azzt/c, +1

1 tx+ p? 1 s + B2 _
_ ( gzxt(ozxz B zz/c, (ozsx2 B5) ) - 0) 71T (x)dx
205tk +oisks+ 1 2055k +oiti; + 1

1 01K 2 ( O1Ks )2
= P ¢ Y
x* { 2 [(012”(1 + osks + 1) (tfie) + opsis + o3tk + 1 (s/ks)

2( 01K ) ( 01K ) s/ )i|2
B s/K, ,
olti, + o3sics + 1) \ofsks + odti, + 1 )| @
! 02k : o2k 2
! s
— . |
2 |:(O'22IK1+012SK5+ 1) (/KI)+ (02251(54'0'12[[(1_’_ l) (Y/Ks)

1

02K 02K 2
) s/K 4
(ozzt/c, + UIZSKS + 1) (ozzslcs + olzt/c, + l) (s/ 1)] @2

1 ( o3 tix 05 5KsX
~ _
2 022t/c, + alzsxx +1 azzsm + 012 t, + 1

2

1 o2 ti,x 07 SKsX _
— ( ) 1 21 -, 1 ; )} 7'[,1+(x)dx
2 \ojtk; + o35k, + 1 opsks + oyt + 1

= fx+ ® (—Z;x) T Wdx (@b .x > 0), (3.37)
1
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where, again, z;, are independently N (0, 1), 7t is the normalised effective
posterior density as given in Eq. (3.9),

: 1 022th 05 SKy
a = —
! 2 022th + crlzsxs +1 CIZZSI(Y + alzt/ct +1
_ 1 crlzt/ct _ crlzsxs (3.38)
2 crlzt/ct + UZZSKS +1 CIIZSI(Y + 022th +1)°

1 01K, 2 O1Ks :
b = t/Kk;) + S/Ks
) |:(012t/c, + oZsks + 1) (¢/) oisky + oyt + 1 (/1)

2 01K O1Kg ( / )
- s/
olti, + ofsks + 1) \ofsks + oftk, + 1 '

2 2
+( ook )(r/m+( 02ks )(s/xs)

crzzt/c, + crfstcY +1 crzzsxs + crlzt/c, +1

1

02K 02K 2
- k)| - 3.39
(022”" +ofsk, + 1) (Gzsts + o2tk + 1) (s/ ’)} (3.39)

Indeed, we can quickly verify that @’ > 0.° Moreover, similar to the digital payoff
case, it directly follows from (3.37) that P! (£.|xT,s) = P! (E|x™,s), pl(E.|s) =
P(Eclx*.s) = Pl (&l 5). and p? (Ecls) = 1—p} (&cls) = p! (Ecls). Note in addition
that, for s = 0, Eq. (3.37) simplifies to Eq. (3.32).

For a low-type market, similarly,

P} (E|x",s5) = / C) (Zix) 7 (x)dx (af,b) > 0,x <0)
x— :

_ / ® (—“;x) AW (@b > 0,x > 0)
X+ by
= P!(&|xT, ). (3.40)

Expected profit-to-go at time ¢ can be inferred in a similar sense to Eq. (3.30).

As a final step to calculate the signal-based expected profit of then agent at time
t (i.e., just before the auction), as given in Eq. (3.21), we now compute the expected
transaction price in low- and high-type markets and with correct and erroneous

9As x > y implies x/(x + 1) > y/(y + 1).
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signals. Note that
E; [S7@)|x* &es] = V2(857 00 + B [ST0)]x™ & 5])

=5/ —E[12(SI 0 - $2@) " |s]. 34D

1/2(S ) + B [T x &, s])

=S\ +E [1/2 (820) — ') xt, s] . (342

E! [SF(x)|x. £, 5]

B! [Sf()]x™.&] = 1/2(S/ ) + E; [S7(0)]x. &, 5])
=S'(0) +E [1/2 (8200 = 8') " ¥ s] (3.43)

and
E/ [T @7 6] = Y2 (500 + By [0} & 5])

=Sl —E[12 (5l - S@) [ s]. G4
Notice that we dropped ¢ and j from E{’s in Egs.(3.41)-(3.44) since, by
Eq. (3.37), when (& )o<;<r is pinned to a certain value x, the price differential is not
conditional on the specific value of agent j’s signal at time ¢, but rather a function of
01, 02, t and s. Thus, all one needs to do (so as to compute the expected transaction
price under different market situations and trading signal quality) is to work out the

expected value of the ‘absolute price differential’ under each circumstance. To that
end, we can infer from Eq. (3.37) that

(/2(S?(x) — S} (x)) ‘x+, s) ~ N (aix, bf),
(1/2(S2(x) — S} () |x_, 5) ~ N(aix, by),
(/2(S}(x) — $2(x)) ‘x+, 5) ~ N(=ax, b}),
(1/2 (Srl (x) — Srz(x)) |x_, s) ~ N (—aix,b),

where af, by > 0 are as given above. As a result,

o0 1 (yfa,xx)z
1 T2 52
e D7 dy, x>0
’71\/2”,];/0 Y o ’

+
E[12 (5300 = S/ @) " x*s] = o ot
m«/zlnb‘f/o ye @D dy, x <0,

_E [1/2 (S' ) — S20) v s] . (3.45)
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and

. 00 | (tain?
2 )2
2 ye e* dy, x > 0,
+ N2mb} /
B[V (51w = $20) " xt.s] = T
1 T2 )2
n2 «/anf/o ye D dy, x <0,

—F [1/2 (8200 — 8! )" |, s] ,
(3.46)

with density normalising factors 7y, 17,. Thus, under the Gaussian payoff scenario,
we have derived explicit formulae for the two main sources of uncertainty involved
in signal-based trade, namely, the likelihood of a signal’s pointing at the right
(wrong) trade direction, and the expected amount of profit (loss) given the signal
was correct (erroneous). With inputs from Eqgs. (3.37) and (3.41)—(3.44), Eq. (3.21)
can now be written for agent 1 as

xr b; \/Zﬁb; 0
-0 (a;x) m 1 /ooye_é U;g;)z dy) fTH(x)dx) .
bi V2rb Jo ;
10— a; 1 ° _i (},_?;;)2
P, (x) (/ (@ (b?X) N «/an;f /0 ye G2 dy

o Cl? 1 00 —é 0’+a§§‘)2 d | dx

_ _ ) 1=

( b;‘x) anznbffo e O R R
(3.47)

where 7+, 7~ are, again, normalised effective posteriors for high- and low-type
markets, with X+ = (0, 0o) and X~ = (—o0, 0). Equation (3.47) can also be written
for agent 2 without much effort. Accordingly, agent j updates his trading procedure
as follows: (1)—(1a) Same as in Sect.3.2 above. (1b) Calculate E}[IT,] based on
Eq. (3.47). (1c) Decide whether to quote or not to quote a price. If yes, proceed to
next step. (2) Quote signal-based price (as gi = 1). (3) Same as in Sect. 3.2 above.

Now, equipped with the flexibility to shape his strategy (g})o<i<7» |¢]| € {0, 1},
by timing his trades, agent j will need to develop an optimal ‘online’ trading rule
(referring to (1c) above) that maximises his profits, in understanding of his marginal

benefits and losses from seizing or skipping a trade opportunity.
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3.3.2 Risk-Neutral Optimal Strategy

It is not difficult to see that Etl [H,l] in Eq. (3.47) will always be negative when
agent knows that his information is less superior. The top and bottom left panels of
Fig. 3.8, in this regard, depicts the evolution in time of Etl [Htl], based on almost
all possible strategies and a sample path of Etl, when an agent believes that he is
informationally less susceptible than his counterpart. Yet, the agent can minimise
his chances of losing from a trade by keeping his information up-to-date through
trading at “each” time step (i.e., the top edge of each shape in the left panel). We note
that the marginal expected cost of refraining from trade for the less susceptible agent
is always positive when the agent believes he is informationally less susceptible.

We therefore infer from Fig. 3.8 that a solution to the maximisation problem
in Eq. (3.48) is unattainable from the perspective of a less informationally capable
agent. The real-world implication of this is that market shutdowns may not occur
in a real market setting because investors think their effective information are either
constantly or temporarily superior to the market information. We, thus, turn our
focus to the case where both agents believe their information source is characterised
by a higher o.

Less susceptible, 0<(0.5,1.5) More susceptible, 0<(0.5,1.5)

0.5
— — Notrade
-0.1 04} Full trade
= 02 = 03¢
— N
= =
w -0.3 w 02¢
-04 ¢t — — Notrade 0.1+t / -
Full trade L :/“\’
-0.5 . . . . 0 . . . —
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Time Time
Less susceptible, 0£(0.5,2.5) 05 More susceptible, 0£(0.5,2.5)
' 7 — — Notrade
-0.1 0.4+t Full trade
= -0.2 = 03¢}
= N
= =
w -0.3 w 02t {
\
\
-0.4 — — Notrade 0.1+¢ \ _\
Full trade - NS
-0.5 0 -
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Time Time

Fig. 3.8 Evolution of E{[H{] as given in Eq.(3.47) for sample trajectories of &' and £2 and all
possible trading strategies. The dividend is assumed to be Gaussian
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The top and bottom right panels of Fig.3.8, on the other hand, shows the
evolution in time of ]E], [Hi] for the agent who believes that he is informationally

more susceptible. The strategy which results in the bottom edge these shapes on the
right panel is unique, i.e., |g]| = 1 Vt. However, there is no single strategy which
can achieve the top edge of each shape, which is a combination of different strategies
that result in the maximum expected potential at different time points.

We define the optimal strategy of an agent as the one which maximises his overall
expected terminal profit from trading the contract based on his effective information
o(&),1i.e., for agent 1,

T T
arg max ) ZE} (] = ZE [/16()]
=0

=0

st SF=1/2(S! + 5D, (3.48)
q9:=0
Vi,

where 5 (£!) is same as in Eq. (3.8).
On an extra note, we remark that setting a mid-price, as in Eq. (3.2) and (3.48),
is indeed equivalent to

Elq/ (X =S)I5(E)] = E[q; (X =) (ED)] .- (3.49)

Thus, we can reinterpret the role of the central planner, in the context of this
section, as ‘to observe g,’s through price quotes and set the transaction price as the
mid-price which equates the signal-based terminal profits of agents.’

Similar to [11], we can define the dynamic programming formulation of the agent
Jj’s problem given in Eq. (3.48) as follows:

Vi = sup (Ei [n’,’] Y E [v{ +1]) , (3.50)
(a)

where V/ is the value function. Note that Ej[IT]] is implicitly determined by
(q))o<s<i» whereas Ej[V/, ] by (q!)o<s<i. Therefore, at each auction, the agent
will need to consider the marginal impact of his current strategy on E/,[Vi +1]- The
particular nature of the present model, however, does not allow us to employ a
backward-induction technique that is similar to the one described in [11, 14].

Based on Eq.(3.50), we introduce the following real-time optimal trading
strategy for agent j:

1, if E;'[n;']>o,
g/l =1 and Ei[n{]JrEf,'[nf,'H]lqj‘:l>1E{[nf,'+l]qj=0, (3.51)

0, otherwise,
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0¢{0.5,1.0}

0.1

Value of decision rule

Fig. 3.9 Value of cost-adjusted expected gain from trade (averaged over a number of sample paths
of &) for the more informationally susceptible agent based on Eq. (3.51) for all 7 and s,

where the term
EJIE) — (BT, ) — B ) (3.52)

can be seen as the immediate expected gain from trade adjusted for the cost of
losing the informational advantage. Thus, the agent chooses to trade whenever his
cost-adjusted expected gain from trade is strictly positive.'?

Figure 3.9 plots the value of (3.52) (averaged over a number of sample paths
of £)) for the more informationally susceptible agent for each point ¢ in the trading
horizon and given each possible trading history s,. The decision rule variable is
positive for any possible past strategy characterised by the last time of trade, q’s',,
implying that the agent can maximise the sum of his expected terminal profits
by trading at each time point ¢, thereby constantly incorporating his differential
information into prices, i.e., |g]| = 1 V¢ € [0, T).

~ We can indeed show that the optimality of this strategy is invariant to the path of
£&. Consider agent 2 who deems his signal superior (05 > o1) and let the market be
high-type (i.e., x € X*). For given x, 01, 07, let’s denote the corresponding integrand

10Tn other words, whenever an agent refrains from trade in expectation of greater future profits, he
should refrain on the basis that he has to recover immediate cost of refraining.
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in Eq. (3.47), rearranged for agent 2, by H»(t, 5), where

a 1 oo _ ! (y—af;)z
Hy(t,s) = ©® ( Y)C) m / ye () dy
b; V2rbs Jo

a;‘ 1 oo % (,v+ﬂ‘§2X)2
-0(- > dy. 3.53
(MOmJMwA e Y (3:53)

Note that H(t, s) in Eq. (3.53) is the expected profit of agent 2 at time ¢ given the
time of last trade, s, and a high-type payoff x, and it is not a function of £2. Agent
2 version of Eq. (3.47) is, in fact, nothing but the sum of convex combinations of
H, (¢, s) and its low-market analogous L, (¢, s) with respect to the effective posteriors
7}t and 727, respectively. Thus, similar to the relation (3.52),

Ho(t,s) — [Ha(t + 1,5) — Ho(t + 1,1)] (3.54)

can be seen as the signal-independent version of the cost-adjusted immediate gain
from trade (for the agent who deems his signal superior), whose value is depicted
in Fig.3.10. It can be inferred from the figure, again, that it is optimal for the
informationally more susceptible agent to trade continuously without accumulating
his extra information.

0<{0.5,1.0}

o
° o o
—_ (4,1 n

Value of decision rule
o
o
[&]

Fig. 3.10 Value of signal-independent cost-adjusted expected gain from trade for the more
informationally susceptible agent based on Eq. (3.51) for all 7 and s,
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3.3.3 Extension to Risk-Adjusted Performance

In case agents are risk-adjusted expected profit (e.g., Sharpe ratio, [20]) maximisers
“at the portfolio level”, the objective function in Eq. (3.48) can simply be modified
as

AR
=0
arg max

“ (i(q{)zvf; (H{))I/Z‘

t=0

(3.55)

We then write the conditional variance V’;(H’;) =V (Hﬂ&(é{)) of the signal-

based profit at time ¢, whose expectation is given in Eq. (3.47), using the “law of

total variance”,!! as

VIITY) = pl(xT a; 2 1 ° 2—%()4;,??;)2
() = p(x )(/X+ (8(—b§x> UlJznb?/O ye © 00 dy
b V2rbs Jo '
ple) (f <® () 1 g [
X by V2rbi Jo

o 2 1 o<} 5 — 1 ()'+i1f;)2 - . 2
0 (_ ng) 2 27b /0 ye * % dy )" (@dx | ~ (Et [Ht]) .
t t

(3.56)

Figure 3.11 depicts the risk-adjusted version of Fig.3.8 using the same signal
sample as in the latter.

3.3.4 Extension to Risk-Averse Utility

The above setup can easily be generalised to the case where agents are ‘charac-
teristically’ risk-averse and attach decreasing marginal utility to each extra unit
of expected return due to the additional risk involved. In [6], the authors show

"V[IT[§] = E[E[TI?[€, X]] — E[E[TT|E, X]*.
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Fig. 3.11 Evolution of Sharpe ratio based on V{( H],') given in Eq. (3.56) for sample trajectories of
g! and £2 and all possible trading strategies where dividend is Gaussian

that the following two cases are equivalent: (a) terminal payoff is exogenous (as
in our case) and agents are risk-averse, (b) dividend is endogenous and agents
are risk-neutral. When the asset dividend (or terminal payoff) is exogenous and
agents’ actions have no impact on it, one needs to introduce either trade quotas or
proper risk aversion assumptions to prevent agents from trading unlimited amounts
to make infinite profits, should quoted prices be in their favour. In the presence of
informational differences, there would be less or no motivation for agents who are
not only informationally less capable but also risk averse to actively participate in a
market where the participants are assumed to be rational. Such state of affairs can, in
fact, exacerbate the situations where markets shut down due to perceived differential
information. Such situations are avoided in the literature by introducing the concept
of ‘noise-traders’ (refer to Table 3.1), which we avoid in the present context so as to
focus solely on the influence of differential information on market phenomena.
We assume that agents are risk-averse with the utility assigned to a sure dividend
X, 1.e.,
Uj(x) = ==

(> 0). (3.57)
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that is characterised by a constant absolute risk aversion level A;. We note that the
utility function U : (0, 00) — R in Eq.(3.57) is C?, and satisfies U’ > 0, U” < 0
as well as the Inada conditions [17]. Under U, the certainty equivalent of E[X] for
agent j is given by

L m (-E[uolsE]) .
¢ Aj '

with ¥/, < E[X|5(£2)] following from strict concavity. Assuming again X is normal
with A/(0, 1), the equilibrium strategy in a market where agents maximise their
expected utility from terminal wealth'? is now associated to the objective function
which is analogous to Egs. (3.48) and (3.55) and given by

T
argmax(qt,-) ZE [Uj(l'[‘;)|6(.§,")] (3.59)

t=0

where each signal-based price Sf is worked out, this time, according to certainty
equivalence relation in Eq. (3.58) as follows (assuming s, = 0 for simplicity):

/ o hiET 5 e (UJE{X_ é".fzxzt)dx
X
/ e_x22 eKt(‘T_/'Etzx_é”jzxzr)dx
X
[ 2 dossmhtivey
_JX
/ o /\‘22 e(ojkz%‘z/)x_(éajzk’r)xzdx
X

Ol FA? e

2 2
2((1]- Kket41) e 2((1]- Krt+1)

Ui(S)) =E [U,»(ﬂg\g{] -

= —e
1 Ajz “j’qéhj
— —6‘2 ajzlthrl ajz»(thrl . (360)
This implies, for a bid quote,
J
O}Kté-t 1 Aj

s/ = €|yl (3.61)

o'sz,l‘ +1 2 o].zlcrt +1

12There is no intertemporal consumption.
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and, similarly, for an ask quote,

' ' ok zg-j 1 A
Si= U Elux)Eg) = T 4 e 3.62
1 J ( I: ]( )‘St:l) O—jZK[t =+ 1 20}2K[t + 1 ( )

The second term in Egs. (3.61) and (3.62) can be considered as the “information-
adjusted risk premium” and appears naturally as the bid/ask spread which is
inversely proportional to o; and ¢. Thus, given A; and ¢, the more an agent is
informationally more (less) susceptible, the lower (higher) a risk premium he will
have.

The central planner, on his side, will set the price transaction price to the one
which equalises their individual signal-based expected utility from the transaction,
ie.,

E[U (/X =SD) & ] =E[U (g7 (X = 5D) &]. (3.63)
Assuming again lg/| € {0, 1}, market is a high-type and agent 2 buys, the pricing
rule in Eq. (3.63) can be arranged further as follows:
/ o MSE 0, palorEla—Lot) g / P B (- e P
X _Jx
/ e—"zz £ (mfrlx—éolzxzt) dx / e~ Aj Py (rrzérzx— ; rrzzxzr) dx
X X

e MSt / e—xzz e(rmqgtl+Al)x—(é012/c,z)x2dx S; / e_xzz e((rz/c,gtz—/lz)x—(éozlet)Xde
X X

2 - 2
1 1 2.2 2 1 2 2
/ e_AZ e("llﬂﬁ )X_(zglj Krf)x dx / e—*z e(az/q&‘[ )x—(zazk,t)x dx
X X
. Ot +A? o)’ . (©Opatt—12)%  _ (g’
_e—)L]S, e 207 kp141) e 20+ — _ele, e 203k1141) e 203k1141)
22 o1kl A 23 oakiEEA
—A5* 1 1 1KtSp Al Ay S* 1 2 __O2Kt§ A2
M +2 ofartt | ofarbl +3 okl o3kt ’ (3.64)

which directly implies, also by Eq. (3.61), that

o1k8] 1 A okl 1 X
1 ((lel(ﬂ‘-‘rl + 2 (TIZKIT"FI) + A’Z ((TZZKIT"Fl 2 0‘22/(1[+1
A+ A
_ Al 1 Az 52
M+A Tt M+ A

Sr =

(3.65)
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Thus, the information-based market price is the weighted average of risk-
adjusted signal-based prices with respect to the risk aversion levels A;. Accordingly,

a; and b, and all relevant quantities such as P{ (€/|x+, 5) will need to be updated to
re-explore an optimal strategy.
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Chapter 4
Putting Signal-Based Model to Work

Building upon the concepts introduced in the previous chapters, this chapter aims to
focus on a more practical issue: how can we put signal-based framework to work for
a certain type of risky financial asset when there is a multiplicity of real-time market
signals on X which, in turn, determines ¢ (X). In other words, this chapter illustrates,
in a practical sense, how the problem of predicting the future value of a stochastic
random variable can be simplified to interpreting the information concerning one of
its constituents. In particular, we focus on equity market due to the relatively simpler
interpretation of the term “fundamental,” referring to the value of a cash-generating
business.

No matter how an information flow pattern is modelled, the aim of financial
modelling based on forward-looking information is to ensure that future information
(e.g., earnings and/or dividend payments in the case of equity) on an asset’s
fundamental value is represent—either fully or partial—in price discovery.

4.1 Multiple Dividends: Single Market Factor

The risky asset is now characterised at any time ¢ by an infinite number of
cashflows which accrue continuously but are announced (or physically distributed)
at discrete times intervals. We then call a time-varying subset of these cashflows,
ie., {P}k=1..., which are due T),...,T,, the cashflows “within” the horizon.
Each payoff ¢, can be deemed a function of my; market factors as a subset of
{X1, ..., Xmax(my } for any k, thereby making the price a function of max(m;) market
factors. This setting indeed allows one to consider a broader spectrum of financial
instruments. When each market factor X is associated with an information process
{&}o<i<1, - the problem of valuing an equity reduces to identifying a set of potential
candidates for X and, therefore, £ in a real-world setting, and calibrating the signal
flow rate.

© Springer International Publishing AG 2017 67
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For simplicity, we shall assume my; = 1, Vk, throughout the chapter (i.e, a single
market factor X determines each cashflow ¢;). We further assume that X, ..., X,,,

arei.i.d. Atany time #, the o-algebra }',S is assumed to be the ‘join’ of the o-algebras
generated by 7, independent information processes, i.e., 0(&1) V- -V o (§,,), and the
current and past values of the market factors and the risky asset, i.e., 7; = o (X, S; :
0<s<ry):

Fii=o@E) V-Vl VF. .1

The price of the asset is then simply given by

Si= 3 Lyerpe” "B [ ¢r (017 |. (42
k=1

where E is w.r.t. Q by setting. Furthermore, the dynamics of asset price process
{S:}s>0 is analogous to those derived in Chap.2 for the single cashflow case (cf.

[4]:

dSt = }’,S,dl‘
+ 1{;<T1}e_r(T‘_t)cn Ktl(COVt ¢ (X)), X1,] thl

+ 1yeppe " Dok Cov, [¢(X1,), X7, ] dW"

= rSdt + Y Lyorye ot Cov, [¢ (Xr,). Xr,] AW
k=1

Y ¢(Xr)dlogy. (4.3)

k=1

where Cov is the covariance function. The last term in Eq.(4.3) comes from the
price adjustment due to accrual of cashflow (ex-dividend). Equation (4.3) implies
that the asset price dynamics in the multiple cashflow case based on signal-based
framework remains fairly tractable. In what follows, we show how the present
framework can be applied on real market data with slight modifications.

4.2 The Case for “Implied”’ Dividends

In [5] and [23], the present concept is applied to produce a tractable formula
for storable commodity prices under the assumption that the asset pays—what
authors call—a continuous ‘convenience dividend’ that is assumed to follow
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Ornstein—Uhlenbeck (OU) dynamics. The OU process is then associated, through its
orthogonal decomposition, to the concept of ‘OU bridge,” thereby putting together
analytical formulae for commodity spot and derivatives prices. In this chapter, we
introduce the concept of “implied dividend,” which is based on earnings, as the
stochastic market factor X that determines the dividend through identity ¢(X) = X
and, eventually, the equity price.

There is indeed a large body of literature which argues that it is reasonable to
consider earnings data as a proxy for company’s expected dividends and measures
tied to the former, rather than the latter, will likely provide better information
about the actual cash flows generated (see, e.g., [6, 19, 20]). Indeed, many growth
businesses choose not to pay cash dividends but, instead, to use their earnings to
repurchase outstanding shares or to reinvest in future expansion—making earnings
a more informative measure of the fundamental value of a business (see [6, 7]).
Investors are also far more interested in the earnings potential of a business rather
than its paid dividends (cf. [2]). Earnings, like dividends, are also generated on
a continuous basis, although their true value is revealed at discrete time points
(quarterly or annually), justifying their suitability for use in continuous-time setups.

In the sequel, we assume that earnings are the basis for changes in an asset’s
value as “invisible” dividends and they provide some kind of convenience yield
¢ (X) which become known to agents at Ty, k = 1,...,n. The raw signal process
& in this case conveys noisy information about the true value of the earnings (and,
eventually, dividends).

Based on the Bakshi—Chen model introduced in [2], we relate earnings X to
“implied” dividends X’ as follows:

& (X)) =8¢ (Xp) + e, € ~ N(O,0%). 4.4)

where we implicitly assumed ¢ to be identity. Here, § € [0, 1] is the dividend
payout ratio. The use of constant payout ratio is common in the equity valuation
literature. The classic survey in [18] finds that indeed §, — §. The rationale for and
interpretation behind Eq. (4.4) is addressed in [2] and [7]. Therefore, independent of
whether the firm pays cash dividends or not, we interpret §¢»(X) given in Eq. (4.4)
as the “implied dividend” which will be the governing factor X in our model behind
asset price movements.

Furthermore, we assume that earnings and earnings growth follow a geometric
Brownian and Ornstein-Uhlenbeck (OU) dynamics, respectively. That is,

dX; = W XpdTy + oxdW}', 4.5)
i = a(po — u)dTx + 0, dW, (4.6)
where dTy = Ty — Ty—. Also we set Wi L W}’ for F*-adapted W' and W}’ that are

martingale under the pricing measure. In what follows, we will be employing this
model to estimate the parameters of our signal-based valuation framework.
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4.2.1 Recovering the Gordon Model in Continuous Time

First we associate the signal-based price S, to Gordon model [10, 11] under constant
earnings growth assumption, and later on extend this to time-varying growth.

4.2.1.1 Constant Earnings Growth

Assuming S pays an infinite strip of earnings starting from u, where u > ¢, the
continuous time analogous of Eq. (4.2) is

oo
S, = ¢~ / e IR [5Xv|f5] dv, 4.7)

where }',E, F; are as given in Eq. (4.1). When u* is constant, say po, a straightfor-
ward calculation yields

o0
S, = et / i) [Xuewo—;a§><v—u>+axvvif_u

u

.7:,5] dv
o0 1
= Se =0 g,(X,) / -0 [ewo—za;%)(v—u)wxw_u] dv
u
o0
_ 8€_r?(L‘_t)¢t(Xu)/ e—r/,(v—u)e(uo—éo)%)(v—u)+éa§(v—u)dv
u
o0
- (ge—rf‘(u—f)q;r(xu)/ e~ rv—ro)(v=u) 4, (n=v—u)
u

(&)
= 5e—f§‘(u—t)¢t(Xu)/ e~ mHo gy
0

_ 88_,;4“,_,) ¢t (Xu)

(ro > o) (4.8)
v — Mo

where 7, is the investment benchmark while 7{ is the money market rate for maturity
u. Equation (4.8) is nothing but the earnings (or implied dividend) equivalent of
the well-known intrinsic value model of Gordon. Note the slight difference in
appearance between the discrete and continuous forms of the Gordon model (cf.
[16]) which disappears as (1 + podn)¢;(X,) — ¢:(X,) as dp — 0. This model,
however, is mostly criticised for assuming that the dividend growth rate as well as
the risk-adjusted discount rate remain constant—a point which is confronted in the
literature by the well-known St. Petersburg paradox (see, e.g., [8]). In our pricing
algorithm, we shall circumvent this issue by considering a constant spread between
Mo and rp.
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4.2.1.2 Time-varying Earnings Growth

If ,uX were time-variant, on the other hand, we would simply have an additional term
exp( ft” Wydv) substituting for iy from the first line of Eq. (4.8). By the well-known
solution to the OU process in Eq. (4.6), we have

2 /2
o
o ~ N | g™ 4 (1 — e ), ( 2; (1- e‘”“‘”)) : 4.9)

with # < v < u. This implies

E [exp (/ uvdv)i| = exp (/ pee % 4 o1 — e_“("_r))du) .
E [exp (/ ,u/udv)i| , (4.10)

where the notation !, is introduced to denote w, without a drift. The variance of
[ w,dv is given by

V(/ ,u/vdv) :E[/ p,(}dvl/ p,(,dvz:| =/ / E [y, iy, | dvidv,.
t t t t t

@.11)

The covariance term [E [,u; 1 ;1,(,2] follows from the solution to the driftless OU
process, i.e.,

Vi )
E [MLIMLZ] —E |:/ e—a(vl—ﬂ)dwéill / e—d(vz—é‘z)dwgz:|
t t
Vi 1%
= gl et [ / T AW / e‘”deé*z:|
t o 2
vi—t Vo—t
— aie—oc(vl-f—vz)E I:/() ea(u1+r)qulLll+t/0 ea(u2+r)dWli122+r:|
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_ 2 _—a(vi+vy—21) o 1 (07173 142
=o0,e E ; e dwy | e dWy

Oﬁ —a(vi+v2—21) (20 mi —t,vy—
— e (6‘ o min(vi—t,v—t) _ 1)
2
Uﬁ —a(vi+ i
= [emalitn) (Qemintiv) _ ) (4.12)
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Simply by assuming v; < vy, w.lo.g.,V (ft" ,u/vdv) can be found as

\% ‘d = —a(Vz V1) _ —a(vz+v1) dvrd
([ o V) / / Za ) dvadv,
u fp=a—v)  me(ntv)
= M _
200 [ ( —Q —a )

2 u
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o
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t
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= e e e e Vi
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Returning back to Eq. (4.10), we conclude

. |:exp (/u Mudv)] — exp |:,U«z;{ (1 _ e—a(u—r)) + 1o ((u - ; (1 _ e—a(u—r)))

2

n ;20/43 (28—01(14-1-1‘) 4ol 4 =) _ —2au,~2ar _ 2):| .
o

(4.14)

Equation (4.14) would be accommodated into Eq. (4.8) to derive a time-varying
growth version of the Gordon model. This, however, is beyond the scope of our
analysis in this chapter. Below, we introduce the earnings signals that will act,
among possible others, as our information flow process &. We also introduce a
slightly modified version of the latter.

4.3 Real-Time Information Flow

Financial markets, with equity market being a particular example, are forward-
looking, i.e., prices are ideally discovered on the basis of expectations pertaining to
the future value-generating ability of the underlying business. One vivid example to
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this is the price adjustments to an equity following unexpected deviations of realised
earnings from their consensus values and/or inter-temporal revisions of earnings
expectations by brokers. We explain how this property can be worked to fit it into
the present context in more detail below.

At time f;, market experts start disseminating their consensus estimates on
the true value of a certain ticker’s quarterly earnings value Xj, and therefore its
implied dividend, which is due at T;. These consensus figures are derived from
comprehensive assessments of up to 40 brokerage analysts which closely follow
a certain ticker and incorporate as much information as available. As for quarterly
earnings consensus, Ty — 1y, is generally between 2 and 4 years. We exhibit in Fig. 4.1
the quarterly earnings signals extracted from Bloomberg terminal for a large-cap
U.S. blue-chip company (ticker: MSFT) that are released at an average frequency
of four days during 2004Q1-2015Q3. The data are adjusted for corporate issues
such as stock splits, exclude non-recurring items, include employee stock options
expenses, and incorporate any guidance issued by the company prior to actual
earnings announcement.

EPS Consensus

2
04Q2 05Q2 06Q2 07Q2 08Q2 09Q2 10Q2 11Q2 12Q2 13Q2 14Q2 15Q2

Quarter

Fig. 4.1 Evolution of quarterly earnings signals. Data source: Bloomberg
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As we cannot separate X from noise in any observed signal to construct
empirically the desired £ given in Eq.(2.4),! we introduce’ a slightly modified
version of £ in Eq. (2.4), while preserving its intuitive properties, as follows:

k .
gk = X+ TG —xf) + U(Tf’_,k), if 5 <t=<T,

(4.15)
! D, otherwise,

where x} is the first signal sample received at time 7 about the true value of X, o~
now a measure of noise-to-signal, and

r—1t
ﬁ:hﬂn_;emu (4.16)

the proportion of signal lifetime elapsed since it started being transmitted. Intu-
itively, we now allow an increasing o to suppress noise (thereby, increasing
signal-to-noise) rather than to increase the signal content directly, as in Eq. (2.4).
The conditional variance of £¥ given X; = x can be rewritten as

& . . 1(l—l‘k)(Tk—l‘)_‘Ctk(1—‘L'rk)
ViE X =) = o2 (Ti—u)?  oX(Ti—1) @17

Note that the modified version of the information process &; in Eq.(4.15) is
better suited to the real-time signals considered here and, again, do not compromise
intuitive and statistical properties of & described in Chap. 2. The equivalence of the
latter two in the sense of integral in Eq. (2.19) can easily be seen as follows. Let us
assume w.l.0.g. that x* = 0 and #; = 0. Then, apparently,

1 ($*ax)2 1 (é'*ax/f)z
/xp(x)e 2\ b dx:/xp(x)e 2\ e ) dx (4.18)
A A

witha=ot,b=7(T—1),§ =&/c,andc = oT.

As indicated by Eq.(4.15), the o-algebra F,E constantly enlarges and shrinks
whenever the number of available signals increases and decreases, respectively.
Once the signal £F is started to be received at time #;, the market updates its prior
information about X (i.e., px(x)) through relation (2.14). On the other hand, the
noise-to-signal measure 1/0 needs to be determined from the data. Again, for
t > Ty, i.e., once X; has been revealed, (§);, <;<7 becomes degenerate (information-
null).

IFor instance, one does not normally observe a noisy signal for o£X in the market but X and,
therefore, the desired signal o¢X + €, cannot be recovered from X + ¢,.

2 Also based on recommendation from Edward Hoyle, PhD, Department of Mathematics, Imperial
College London.
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Fig. 4.2 Residuals of empirical information processes depicted in Fig. 4.1

To check the boundary values, apparently, é{; = x; and é;k = X;, with the
latter ensuring that the marginal law of Et" is the a priori law of X (cf. [13, 14]).
In Fig. 4.2, we plot the residuals ,Bf from several paths of actual earnings signals,
extracted as per Eq. (4.15) whereas their starting and end points are aligned.® Sample
residuals do indeed exhibit properties that are similar to those of a bridge process.
Furthermore, jumps occur occasionally as a result of the significant revisions of
consensus data.

4.4 Calibrating the Information Flow Rate

The information flow parameter oy, which is time-homogeneous by our setting, is
calibrated based on the modified information process given in Eq. (4.15) as follows.
We have an sample history of N = 41 quarterly earnings signals (with lengths
varying from 1.1 to 4.7 years) for the stock ticker considered.* To calibrate o,

1. We first extract the linear part of each signal according to Eq. (4.15) to get various
paths of the empirical bridge processes. We refer the reader back to Fig. 4.2 for a
visualisation of the residual series ,3", k=1,...,N.

3We recall that T, — #, differs across signals.
4The first signal in sample commences on February 20, 2004, and lasts until on October 27, 2005,

pinned to 2005Q3 earnings per share figure, whereas the last signal starts and ends on November
29, 2012, and October 21, 2015, respectively, pinned to 2015Q3 earnings per share figure.
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Fig. 4.3 Calibration results of information flow rate, i.e., 0y, using Levenberg-Marquardt nonlin-
ear curve-fitting algorithm. Arbitrary signals are shown

2. For each B*, we then run the following non-linear regression based on the
theoretical variance of BX:

1 81—t
. ¢ ’)+Ef,
0} Tk—tk

(89 = n<t<T (4.19)

where, again, ¥ = (t — #)/(Ty — t) and, presumably, € I]-',é ~ N(0,00).
Figure 4.3 shows the calibration results of 6; for arbitrary quarterly earnings
signals, whereby the Levenberg—Marquardt nonlinear curve-fitting algorithm is
used.>**

SParameter estimates for all signals are statistically significant with considerably low p-values.

SWe also remark that some other statistical learning algorithms, e.g., Expectation-Maximisation
algorithm (cf. [12]), could also be used to capture possible multi-modal dynamics.
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3. (Optional) As a final step, assuming B! 1L ... 1L B*, we perform a simple
variance averaging over all fitted curves resulting from Eq. (4.19) to find 6:

N A\ 12
&= (Zk=lak ) . (4.20)
N

The last step yields & = 0.79 for the ticker MSFT with respect to the period
2005Q3-2015Q3. In what follows, we develop a closed-form approximation to
signal-based price and present the pricing results.

4.5 Analytical Approximation to Signal-Based Price

We now turn our attention back to deriving a preferably crisp formula for pricing
the risky asset when there is a multiplicity of information processes &7, ..., &,7,,
delivering a continuum of market signals on i.i.d. market factors Xi, ..., X, and,
thereby, cashflows ¢ (X1), ..., ¢ (X,), through the identity ¢ (x) = x.

For simplicity of exposition and without loss of generality, consider any three
signals with

(Tx=1, T, Tie1) = (r,8,u), r<s<u. 4.21)
We state the well-known solution to the SDE of X in Eq. (4.5) at time u:
Xu = Xyexp ([ul, —05/2] (u—5) + ox W)
= Xeexp ([13e ™™ + po(1 = e7*C7) — 03 /2] (u — 5)

+ ox WX + 0, (u—s) / ‘ e‘”‘“_")dWé‘) . 4.22)

where [, is simply the growth between s to u. Therefore, by virtue of Eq. (4.12) and
using the fact that WX I W#, we can write X,,/X; in the conditionally log-normal
form

X . -
Ysu = X = exp (,Uvsu(u - S) + avuzu—s) 5 (423)

where Z ~ N (0, u — s), and with
flow = pXe ™) + po(1 — @) — 03 /2 (4.24)

and

su

2
(e}
52, =o0s + 22 (u—s)(1 —e 2267y, (4.25)
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The pricing relation at time #, s < ¢ < u, will then be based on

S, = e IR [5Xu n eu|f§] — R [5Xu|f§] , (4.26)

where, again, }',E is defined as in Eq. (4.1). The second equality, in fact, follows from
the fact that &, carries information only about X, (i.e., €, L &) and the assumption
that E [€,|{X;};<.] = 0.

We now know from Eq. (4.22), (4.25) and (4.24) that, conditionally,

Xu| Xy ~ log N (i, Gsu) (4.27)
with i, := InX;/(u — s) + fis,. Then, the pricing relation in Eq. (4.26) implies,

S, = e TR [5X|€]

— Se—r;‘(u—r)
/ N (_1 (Inx — i, (w—9)* 1 -+ r,(x—x*)])Z) "
_ P\72 52—y 2 (1 —7)/(06%(u—1)
/x_l o (_1 (Inx — i}, (=) 1 (&— " +ft(x—x*)])2) .
TP T2 - 2 (1 —17)/(0>(u—1)

(4.28)

where X = (0, o). Equation (4.28) is apparently not very handy without recourse to
numerical methods. We try to circumvent this issue by using two possible analytical
approximations, namely, through gamma and log-gamma distributions.

More specifically, this uses either X ~ TI'(a,b) approximately, or Z ~
log I'(a, b), again, approximately, where Z = logX, and I" and log I" are gamma
and log-gamma’ probability laws with densities

b
fx(xla,b) = P @° b x e (0, 00), (4.29)
and
1 az—e* /b
fZ(Z|as b) = b”F(a)e 9 Z € (_OO, OO), (4’30)

7“Log-gamma” in the sense that it is logarithm of a gamma random variable (not that its logarithm
is a gamma distribution as in the case of, e.g., lognormal distribution).
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respectively.® For approximation, we choose to minimise the Kullback—Leibler [17]
divergence between the theoretical and approximating density functions, i.e.,

arg min / S (i, (u—s), Ggv/u—s)
(ab) Jx ]

Sx(ig, (= 5),6 /u—s)
-log, ( f;/((am, bo) ) dx, 4.31)
or
argmin [ o (u = 9. G/ =9
(a.b) J7,
Sz (i, (u—s), 6 /u—s)
-log, ( F(aswbor) ) dz, (4.32)

which ensures the expected entropic (or, informational) distance between the latter
two is minimised. Approximate analytical solution to problems given in Eqs. (4.31)
and (4.32), on the other hand, is given by

1

~2
gy X C}SZM(M _ S) B bsu ~ 5—314(” - S) exp ((ﬂfvu + Uzsu) (Lt - S)) (4‘33)

(see Appendix A for a sketch of proof). Figure 4.4 shows the results of gamma
approximation to the log-normal density for different parameter values, using both
numerical and analytical solutions to the Kullback-Leibler minimisation problem.
The approximation works extremely good, particularly for small variances values,
and this is why it will work particularly good in our context.

We use this property to replace the log-normal density (normal density) with
its gamma (log-gamma) conjugate prior with shape and scale parameters ay, =
a(fil,, ) and by, = b(fi),, 64,), which yields

o (% LE—D + nle—ah)?
§, = sert /xx e"p( bu 2 w(l—7)/(0%(u—1) )dx
’ /xam_l o (_ x 1 <st—[x*+rt<x—x*>]>2) .
% P\7h0 "2 w1 - 0)/@2w—1)

(4.34)

8We remark that gamma distribution is conjugate prior to log-normal distribution with a known
mean.
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Fig. 4.4 Approximation of conditional log-normal by its conjugate prior gamma

where S is the approximation to S; with a gamma prior and, again, X = (0, o). We
can further simplify Eq. (4.34) as follows:

su X 1 (Et - (1 - 'Ct)_x* —_ T.X)Z dx
X7 exp ) (1 —1)/(02(u—1))

X
=1 Cx 1E-0-oxt - x)?
/F;xu exp ( bsu 2 Tt(l - Tt)/(az(u —_ t)) ) dx

“ x 1 =2nx(E — (1 — 1)x*) + (tx)?
Py /x =P ( T2 n(l-w)/(@2w 1) ) o
g 1 —27x(& — (1 — 7)x*) + (1:x)?
"” ( T2 o)/ —1) ) &
xum 1 (,x)z 2rx (6 — (1= 1)x™) + 2,0 T
P (1 — 1)/ (02 (u—1))

3, = et

dx

x u(l—1)

s (T’x) —2mx (& - (L— o)) +2, 5,
/ (1 —1)/(0?(u—1)

dx



4.5 Analytical Approximation to Signal-Based Price 81

2 1—7
1 (Tx)” —27x (ét — (1 —7)x* — b‘mgz(;_,)) dx

x®exp | —
" P12 w1 — 1)/ (02 (u—1))
— Se—r;‘ u—t
2 -7
/ 1 exp —1 (5x)” = 25 (gt —(—mxt = ”w"z(“_t)) dx
X 2 (1 —1)/(0*(u—1)

2
/xd.m exp (_1 (tfx wr) )dx
X 2 Vi
/x“m lexp( (Trx_’aﬁr) )dx
Vi

where ¥, 1= & — (1 — t)x* — b‘méz_(z’_ ) and y;, 1= :{:’/((lu__tt’)) . A double change of

[ 7Y () P
—r(u—1) X/ T 2 T

= e 170 (4.35)

variable, i.e.,

S, = e / L (4.36)
/ ()/tx + W;) o exp (_1(x,)2) Vi di’
X/ Tt 2 Tt
with X' := (z.x — )/ y; and X' = (—y,/ s, 00), followed by
[) )
exp
§, = geritmn TENT o
L) e (X‘””) e
2 Vi T Vi
/ “f“exp( (x_%) )dx
u y
_ goriwn 1 ' 4.37)

/ exp( 2(’6—%%)2)@’

with x := yx + ¢, and X = (0, 00), reveals that the signal-based price S; can
crisply be expressed as the ratio of two consecutive raw (uncentered) absolute (left-
truncated at 0) moments of the normal random variable

X~ N (¥1.7)), (4.38)
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where, again,

— s _ * -7 o \/‘L'r(l—‘l,’,)
V=& —(1—w)x and y, := oSt

me'Z(u - t)
With reference to, e.g., [22], Eq. (4.37) can be rephrased more even neatly as
age T(@T! w 11 (w)?
| yta.mzZ (sz ) 1Fq (_42’2’_2(%) )
Tty T8 . 2
2GR (e (1))
2

e A(E)

— §e 't (u_t)ft_l)/r\/z 2

sy 2\’
RS (et it (2))

where | F(k, v; z) corresponds to the confluent hypergeometric function of the first
kind (or Kummer’s function) that is given by

(4.39)

Swt — Se—r;‘(u—t)

(4.40)

Fik,viz) = Y (c)m 2 (4.41)
m=0

— (V) m!
with (k),, being the Pochhammer symbol defined by

1, if m=0,

Kk +1) ...k +m—1),if m> 0. (4.42)

= {

Equation (4.41) is known to converge for any z € C and is defined for any « € C,
v € C\ {Z~ U {0}}, with Z~ being the set of negative integers. We also note
that 1 F(k,v;0) = 1 for all feasible k, v. Further details on this type of functions
are provided in [21]. Furthermore, in [4], the authors reach a closed-form result in
terms of a finite sum of Legendre-type polynomials that is somewhat analogous to
Eq. (4.40).

There is in fact a range of fast and effective algorithms available in the literature
(see, e.g., [21]) to compute |F|(k,Vv;z), such as Taylor series, single fraction,
Buchholz polynomials, asymptotic series expansion, quadrature methods, or via
solving the confluent hypergeometric differential equation (CHDE):

2
ZZZJ; + (-2 :11]; —kf =0. (4.43)

A thorough survey of algorithms that deal with confluent hypergeometric
functions is beyond the scope of this chapter, but Taylor series expansion seems to
stand out as the most simple and least costly method to compute Eq. (4.41). Picking
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an appropriate tolerance level, say e = 10~!°, and introducing, based on Eq. (4.41),
the series

o (K)m 2"
T Wam!’

>

Fy = iAm7 (4.44)

m=0

An

with Ag = 1, Fy = Ay, and

K—+m z A A A
Apr1 =An , Fur1=F,+ A, Fo =1F, 4.45
+1 (v+m)(m+1) +1 + oo = 1F] (4.45)

the desired function |F; can easily be computed to a high precision using the
following truncation procedure:

M

. A

Fiy =" Au. suchthat Al (4.46)
m=0 |FM|

This method indeed yields the desired values of {F; in a small fraction of a
second. Figure 4.5 shows the ratio of two confluent hypergeometric functions for
several values of x and z, calculated based on the above method.

Thus, all in all, we are able to recover a crisp tractable approximation formula for
the signal-based price of a risky asset at time ¢ which will pay an implied dividend
of ¢ (X,) at time u. For computational purposes, we finally note from Eq. (4.40) that,

3.5 4

2.5

By (r1725-2)/ F L (((5-0.5),1/252)

-150

/=-(20:0.5:30) 20 0 z=-(0:5:150)

Fig. 4.5 Ratio of two confluent hypergeometric functions whereas values are calculated using
Taylor expansion with a tolerance level e = 10~
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when s < ¢ < u (i.e., with af and b¥ having already been inferred from the data) only
the last argument of | F'; needs to be updated with the arrival of new information & —
which is expected to improve the algorithm’s speed.

4.5.1 Extension to Multiple Signals

At any time ¢, there will be a total of k = 1, ..., n(¢), earnings signals, with each
of them being t; into their lifetime. Thus, the approximate price S, in the multiple
cashflow case is the sum of information-based net present values 5‘,1, e, ~',1(t) ,of a
strip of n(f) cashflows, and a Gordon continuation value in the sense of Sect.4.2.1

above, i.e.,

Si=34 (Z et (¢r(XTk) + L= ¢t(XT/<+1)))
k=1

rp, — Mo
- X
= 5Dt (@(Xn) 1oy PO Tk*‘)))
k=1 = Ho
n fodTy
-y Sk(1+1=n ¢ ) , 447
(; ' s} 1o (4.47)

where rf £ rp, Iy > Lo, €ach S’f as given in Eq. (4.40) above, and with

$i(Xy) = ¢(Pu(Xy)) (t=u=v) (4.48)

following from the tower property given the definition ¢,(X,) := E,;[¢(X,)], or
E [¢(X,)|&]. In the next section, we calibrate our earnings model to actual data.

4.5.2 Maximum-Likelihood Estimation of Earnings Model

We recall from Sect.4.5 that Y = AlogX is normally distributed with & and &,
given in Egs. (4.24) and (4.25), which are, in turn, functions of the parameters «,
to, ox and o,. We write the log-likelihood function L(e, 10, 0x, 0,.|y), based on
the transition density of log X, to be maximised as follows:

L= E(a, Mo, Ox, O-}/Lly)
w1

= Z log : exp _1 11— u-11AT))?
=3 V276121 1/ AT, 2 512—1,1AT1
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w1 o2 —1/2
= Z log (27{ |:CTXAT1 + G AT2(1 2‘IAT’—‘)])
=3

2
'K (y"” B [“f—z,z— T 4 (1 — AT — ] AT’)

25 GZAT, + J0 AT?(1 — ¢=208Tir)

w1

1

:_W " log(an) - , log (]‘[a)%AT,Jr " AT - —Mﬂ—l))
=3

1 w1 (yl—l,l _ I:“?(—Z,I—IE_QATFI + ,lL()(l _ e—aAT”) _ :I AT[)
2= GZAT, + T AT?(1 — ¢=208Tir)

(4.49)

where AT, := T; — T;—; and w is the estimation window size (i.e., number of
Y samples at each iteration). Indeed, one can easily verify that the function L is
concave.

Log-likelihood calibration procedures for a two-layer stochastic asset pricing
model with latent growth parameter (or volatility factor) are not very explicit in
the literature, at least to the author’s knowledge, and possesses some challenges.
In [1], for instance, authors develop a maximum-likelihood calibration method for
a two-layer stochastic volatility model where option prices are inverted to produce
an estimate of the unobservable volatility state variable. Our GBM model with OU
drift, as given in Eqgs. (4.5) and (4.6), can also be considered within this difficulty
category. The issue with estimating the parameters of our earnings model is that
a mean-reverting drift is not directly observable, which can lead to a distortion of
parameter estimations, particularly of .

We therefore replace the unobservable ,uf_ 2.1—1» L < n, which goes into Eq. (4.49)
with its empirical proxy ,&f_ 5.1 as follows. By Eq. (4.22),

tog (1) — oxWar , o

. 4.50
AT, 2 ( )

X _
Hi—z1-1 =

Thus, when sgn(log X;— /X;—2) = +1, log X;— /X;—» we replace “?(—2,1—1 by its
empirical proxy

Elo (X'—l)+ >
AX+ g Xi— +GX

= 4.51
M2 11 AT, 2 ( )
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and, when sgn(log X;—/X;—) = —1, by

o Eoe(3) o

= 4.52
Mo -1 N ) (4.52)

We considered expected values in Egs. (4.51) and (4.52) so as to prevent noise
from disturbing the estimation of . The equivalent procedures

arg max L(a, B, 0x,0.ly) (4.53)

a.B.ox.0p
and its necessary first-order optimality conditions

8£=8£=8£=8£:0 (4.54)
do 08 dox do,
then yield the desired results. To illustrate, we estimate the earnings model on
selected tickers for the period 2000Q1-2015Q1 using more than 60 quarters of
earnings data for each. The model output for each ticker is depicted against the
actual earnings data in Fig.4.6, where the calibrated parameters are reported as
figure titles. It can be inferred from the figure that earnings growth is generally

(0:=69,6=0.15,0,=0.40,6 =0.14) (0=63,$=0.13,0,,=0.33,5, =0.06)

Earnings per share

Earnings per share

Quarter Quarter

Fig. 4.6 Sample paths of actual earnings (solid lines) compared to the calibrated earnings model
output (with parameters in headers)
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Fig. 4.7 Maximum likelihood parameter estimation of stochastic drift model for implied divi-
dends (top panel) and market price (bottom panel, two copies to ease vertical comparison)

characterised by large diversions from, as well as extremely fast reversions to, a
long-term growth trajectory.’

For pricing purposes (in forthcoming Sect. 4.5.3), we shall recursively estimate
the parameters of £ using various rolling window lengths w by incorporating both
past information and filtered future signals. To illustrate, if the number of available
signals at a certain time step ¢ is n,, the estimation window will then comprise
w — n; and n, past and future earnings data, respectively. Figure 4.7 depicts the
values over time of log-likelihood calibrated parameters, namely, ft, 6 and po,
for the ticker MSFT considered in this study (top panels), along with (two copies
of) the observed market price for the same period (bottom panels) where major
financial incidents are also indicated. Estimated values for «, on the other hand, lie

9Altematively, similar to, e.g., [9], where authors discuss the calibration of stochastic volatility
models, u(){ | can be added as an additional parameter to the maximisation problem in Eq. (4.53).
Yet, this did not have any significant impact on our results.
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in the band [54.8, 191.0]. One notable observation from Fig. 4.7 could be that the
estimated model parameters are able to capture major idiosyncratic and systemic
incidents of financial stress.

4.5.3 Information-Based Model Output

The confluent hypergeometric functions which allowed us to derive a closed-form
formula for the signal-based price in terms of Pochhammer series appear rarely in
the financial mathematics literature and are generally used as a tool to derive the
characteristic function of an average F-distribution as part of the general theory of
asset pricing (see, e.g., [15]). In [3], a confluent hypergeometric function appears
in the computation of the Laplace transform of the normalised price for arithmetic
Asian options. Computation of the confluent hypergeometric functions can pose,
however, significant challenges, particularly, when |z| > O (see, e.g., [3, 21]).

For each time step ¢, we require at least a minimum number of signals be present
for the forward-looking information to have sufficient impact on price movements.
Figure 4.8, in this respect, shows the number of active signals and their average
length for the time period covered in our dataset. Notably, some signals commence
as early as over 4 years before their associated earnings are announced. Finally, for
r(t, k), i.e., the discount rate, we adopt U.S. T-bill yield curve rates with maturities
corresponding (or falling close enough) to that of the cashflow k, k = 1,. .., n(z).

20 T T T T T T T T T T T 5

Number of signals
>
T
Signal length (years)

# of active signals (left)
— — Threshold=5 (left)
Avg. signal length (right)

05Q1 06Q1 07Q1 08Q1 09Q1 10Q1 11Q1 12Q1 13Q1 14Q1 15Q1
Quarter

Fig. 4.8 Number 7, (left) and average length T} — 1, (right) of active signals over time
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Fig. 4.9 Signal-based price based on multiple signals on quarterly earnings

We accommodate & for pricing in Egs. (4.28), (4.34), (4.40) along with Eq. (4.47)
to compute both signal-based price S, (i.e., using (4.28)) and its numerical as well
as closed-form approximations S; (i.e., using Eqgs. (4.34) and (4.40), respectively).
Figure 4.9 left panels depict the log of the calculated price process (which is also
linearly detrended) during the pricing sample period July 22, 2005-October 21,
2014, covering a total of 3379 data points.

Accordingly, we make some immediate observations as follows:

e The numerical results are almost identical to those obtained by the analytical
approximation (left panels of Fig. 4.9).

* Since the bulk of the price accumulates the continuation value, which in turn
depends on the filtered value of the last cashflow X, the signal-based price is
most sensitive to the fluctuations in the last earnings “within” the horizon. This
is represented by large swings in the signal-based price, when t = 1, + 1 or
t=T,+ 1.

e Also when t = Ty, the contribution of X to S simply changes by the amount
of surprise (i.e., how much the signal k is off-target just prior to the release of a
true factor value). But, more importantly, the surprise at each T} is incorporated
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Table 4.1 Notable reactions of signal-based price to select idiosyncratic and systemic shocks

Date (shock) Notes

Apr. 27, 2006 (internal) Although there is no known systemic shock, the signal-based
fundamental value quickly reflects the diminishing business
growth prospects implied by an unexpected earnings decline.

Dec. 2007 (external) This is when an across-the-board slowdown in financial activity
has started. Yet, there is no significant reaction by the
signal-based price, in line with the fact that the real business is
yet to be affected.

Sep. 15, 2008 (external) Lehman collapse. Again, the signal-based price foregoes any
significant reaction, until the second round effects hit company’s
long-term earnings growth prospects.

Jan. 22, 2009 (internal) Systemic risks starts to threaten business growth outlook (i.e.,
second round effects), signalled by significantly off-the target
earnings.

May 6, 2010 (external) Known as the “Flash Crash.” Again the signal-based price keeps

its focus at long-term prospects.

into the signal-based price through improved or deteriorated long-term growth
prospects 0.

* The reaction of the signal-based price to shocks of different types (marked in
the top-right panel of Fig.4.9) has some noteworthy characteristics which are
summarised in Table 4.1.

Thus, in this chapter, we availed the signal-based framework for practical use by
adapting it to a certain choice of real-time signals.
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Chapter 5
Conclusion

In Chap.2, we have recovered some of the useful properties of the information-
based framework introduced in [2]. This included, inter alia, that the signal process
(&)o<i<r was indeed Markov w.r.t. its own filtration and, more strongly, it was
dynamically consistent. The latter meant that two agents which observed &, starting
from two different time points, say 0,s, for s > 0, would not only have a common
view of how & could evolve in the future (Markov property). They would also have
a common view of how X7 could turn out, although the filtration of agent who
started observing & at s was regarded as being generated by (&)),<,<r instead of
(&/)o<s<r, provided that his a priori knowledge about the terminal law of X7 was
updated to m;(s). Furthermore, although the martingale driver W, was not imposed
on the model at the outset, it popped up rather naturally in the price process as a
‘reducible’ component. It was also shown that, although a higher o would ensure
a less certainty ‘at the end’ of a certain period about the true fundamental value, a
higher o also meant an elevated price volatility ‘during’ that period (which seemed
somewhat paradoxical) as information was incorporated rapidly. The availability
of an exponential martingale for a shift from Q to B, on the other hand, brought a
significant deal of simplification to the problem of derivative pricing. The calculated
option prices were indeed in line with the decreasing conditional entropy of (or,
uncertainty about) the market factor X7 w.r.t. & both in time and for growing values
of signal-to-noise .

In Chap. 3, where a network of a pair of agents with heterogeneous informational
skills was introduced, we have seen that the dispersion of the P&L results among
agents was directly linked to whether information was revealed through price
quotes. The case where agents were ‘attentive’ and did learn from each other, as
compared to the case where they were ‘omitters,” was associated with a shrinking of
opportunities for (chances of) profit (loss). It was also apparent from the analysis on
the impact of learning on the evolution of individual information that the learning
process, through updating of posteriors 7/, worked in favour of the agent with an
inferior individual signal when o] # 07, and the agents benefited equally otherwise.
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As a result, the existence of a common knowledge of gains from trade in the sense
of [1] was essential to an equilibrium in the presence of informational asymmetries,
and to avoid market shutdowns. For the case where each agent deemed his own
signal superior, we have derived explicit formulae for the expected trade signal
quality and the potential profits/losses that the agent could make/incur (given his
signal pointed at the right/wrong direction), and, thereby, his overall expected P&L
before an auction took place. As expected, perception of a greater informational
superiority, |01 — 02|, meant a greater likelihood for the agent that his trading signal
was directionally correct, i.e., & = &, and greater expected profits (vice versa).
And this likelihood was stronger in the case of an a priori greater dispersion of
the uncertain outcome X7, and also when the agent chose to refrain from trade. In
equilibrium, we found that the optimal strategy was to exploit extra information as
it arrived, as the cost of foregoing a profit was higher than the cost of sharing the
extra information.

In Chap. 4, we have shown, through a particular example, that the information
process and information-based framework can be practically viable, and an analyt-
ical approximation to the numerical asset price be recovered. Introducing a slightly
modified version of & and using quarterly earnings consensus data as a basis for
constructing the required signals empirically, we approximated the numerical price
process via confluent hypergeometric functions of the first kind (or, Kummer’s
function) in terms of a summation of Pochhammer functions. The model output was
notable in that the signal-based price was in general able to capture major trends
in the actual price, but it was also successively more responsive to the shocks that
were related to the long-term fundamental value of the underlying business, than
those that had limited or no impact on the latter.

As an outlook, the present research can be extended in several directions. How
a time-varying flow rate o; (i.e., agents deem their signal superior only temporally)
would affect the equilibrium strategy and P&Ls of agents in Chap. 3 would be an
interesting issue to look into. Moreover, making the amount of information shared
a function of the amount traded would give the agents the additional flexibility
of deciding ‘how much information to share,’ in addition to ‘when to share,” and
possibly affect their trading strategies (¢})o<;<7. Finally, the analysis in Chap.4
reveals that abrupt price changes do actually result from sudden changes in the
amount and shape of available information. This allows to extend the analysis in
this chapter to a more realistic case by using Lévy processes to model &;.

5.1 Financial Signal Processing (FSP)

The use of digital signal processing (DSP) techniques in financial modelling as a
method at the core of engineering discipline is becoming increasingly widespread.
FSP, as an branch of DSP, applies techniques from the latter to aid quantitative
investment strategies. The overall aim of the theory of FSP is to construct optimal
casual filters to extract useful information from a broad range of financial signals.
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In the financial context, a signal can be deemed to be the price, or any other, process
sampled at a certain frequency which has a certain degree of explanatory power on
the variable of interest.

The justification for the use of signal processing techniques for modelling
financial data stems from the simple fact that any process in the time domain can
be expressed as an ensemble of infinite sinusoidal cycles, each characterised by
a distinct cyclic or angular frequency and radius in the frequency domain. Finite
impulse-response (FIR) filters, in this regard, are generally preferred due to their
stability, linear phase response, flexibility in shaping the magnitude response, and
convenience in implementation.

One of the most potent questions pertaining to the application of DSP techniques
to finance is about how to deal with latency without trading off attenuation of noise
in a causal filter context. This involves designing of, e.g., FIR, filters with selectively
prescribed delays in specific frequency regions without adversely influencing the
attenuation. This requires a methodology that would take the desired specifications
in amplitude, phase or group delay over a band of frequencies, and deliver the
required transfer function. One feasible approach is to use root moments, as
described in [6]. Hilbert transform is also a useful tool to move from amplitude
to phase, so as to achieve the objective of minimising the phase delay.

There are basically two separate issues involved forecasting that need to be dealt
with separately, namely, signal ‘representation’ and ‘signal prediction.” Existing
techniques, in the main, focus the second issue and consider the first as given
and compliant. The ‘surrogate signal method,” on the other hand, as proposed in
[4], emerges from the basic idea that the latter two problems must be decoupled
from each other, and an efficient representation of the signal must precede, and
be the basis for, its prediction. In this respect, the surrogate signal, which aims to
offer a satisfactory representation of the original signal, is derived from the latter
in a way that it retains the desirable attributes of the parent signal, while also
satisfying a priori external and equally desirable constraints, such as smoothness
and predictability. One particular way to extract the surrogate is through the use of
‘annihilator.” Extracted surrogates are linked to trading decisions through a quality
factor, and specification of a surrogate quality threshold.

The identification of dominant cycles, i.e., the peak in the representation of
the signal in the frequency-amplitude plane through Fourier transform (signal
spectrum), is another important concept in DSP. This component is sometimes
used to develop momentum as well as high-frequency trading strategies. For non-
stationary signals, however, the dominant cycle is generally time-varying and needs
to be detected recursively. This gives rise to the issue of instantaneous frequency
(as an alternative to filter bank) and the necessity of adaptive filtering techniques
(cf. [4]).

Another point where sophisticated DSP techniques can be of great help is
basically by introducing the concept of ‘smooth independent components,” which
implies that the independent components resulting from the independent component
analysis (ICA), a well-known blind source separation algorithm, can be constructed
in a way that they are robust and stable and, therefore, applicable to maximum
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portfolio diversification. One example to this is given in [5], where the smooth ICA
is used to compactly represent a portfolio of assets.

Finally, the first difference or natural logarithm are generally used as the
customary starting to ensure stationarity in financial data, although they sometimes
reduce the information component. There are some recent techniques, such as
empirical data decomposition (EMD) and the like, which do not require a resort
to such transformations while preserving some of the desired characteristics of the
data (cf. [3]).
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Appendix A

Analytical Gamma Approximation
to Log-Normal via Kullback-Leibler
Minimisation

We recall the objective function related to Kullback—Leibler distance minimisation
problem (4.31):

fx(ﬂr,ﬁr)) dr. A1)

D(a;, b)) = /Xfx(llrs&’) log (gx(az,bt)

where X = (0, 00). Let h(fi, ;) denote the terms which don’t depend on a, and b;.
We have

1
D(ay, by) = h(jis, 61) + log (T (ay)) + a;log (b;) + b Es [X] = (a; — DEf [log (X)] .
(A.2)

Taking derivatives of D with respect to its arguments, each set to zero, we get

aD(ay, b;)

37 = (@) + log (by) — By [log (X)] = 0 (A3)
1
3D(a,, bt) a; 1
= - E/X]=0
b, b, b7 IX]

= ab, —E/[X]=0. (A4)

where
WM (q) = d" ' log T'(a;)/da ! (A.5)
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is the polygamma function. Knowing that E[log(X)] = fi; and E/[X] = exp(fi; +
6,2 /2), we obtain the following system of equations to solve:

VO (a,) + log (by) = i,

5.2
a;b; = exp (ﬁ,t + 2t ) . (A.6)

Next we eliminate b, by inserting first equation into the latter
5.2
a; = exp (xp“’) (ar) + 2’ ) . (A7)
A first-degree approximation to W'® (a,) is given by
© !
U™ (ay) ~ log (a;) — (A.8)
261,

which yields

. - 6?2
U s b,zo,zexp(,u,—}— ’). (A9)
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