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Abstract

Using recent findings from brain sciences, we relax the implicit CAPM assumption of
sufficient brain resources, and model human brain as solving two optimization problems
instead of one, which are: 1) Optimal resource allocation in the brain. 2) Mean-variance
optimization. A security market line with varying slopes (flat, upwards, and downwards)
arises depending on the resource allocation decisions in the brain. Size, value, and
momentum effects also emerge in this enriched framework. This suggests that the classical
CAPM is not misspecified. Rather, what appears as misspecification may be the result of

ignoring the optimal resource allocation problem in the brain.
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Optimal Resource Allocation in the Brain and the Capital Asset
Pricing Model

The CAPM of Sharpe (1964), Lintner (1965), and Mossin (1966) is the most widely used
model of risk-return trade-off in finance (Levy and Welch 2017).% It posits that expected
returns and betas should be positively related. However, in violation of this basic prediction,
the observed security market line (SML) is generally too flat (see Fama and French (2004) for
a comprehensive review).> Intriguingly, there are specific times when this relationship is
positive such as months when inflation is low or negative (Cohen, Polk, and Vuolteenaho
2005), days when news about inflation, unemployment, or Federal Open Markets
Committee (FOMC) interest rate decisions are scheduled to be announced (Savor and
Wilson 2014), periods of pessimistic investor sentiment (Antoniou et al 2015), periods when
margin requirements are relaxed by the Federal Reserve (Jylha 2018), and overnight
(Hendershott et al 2019). Why is this relationship only positive at specific times, while flat or
even downward sloping at other times? In this article, we show that relaxing the implicit
CAPM assumption of sufficient brain resources provides a unified explanation for the
varying SML slopes, along with providing explanations for size, value, and momentum
effects. Our results suggest that CAPM may not be misspecified. Rather, what appears as
misspecification may be the result of ignoring the optimal resource allocation problem in

the brain.

Brain architecture (see Alonso et al (2014) and references therein) suggests an
optimal resource allocation mechanism in the brain. We incorporate this mechanism into
CAPM and model investors as solving, instead of one, two optimization problems which are

as follows: 1) Optimal resource allocation in the brain. 2) Mean-Variance Maximization. We

4 Some studies (such as Murphy (1990), Kim (1997), Jostova and Philipov (2005), Fu, Murphy, and Benzschawel
(2015), and Wu (2018)) report favorable outcomes for CAPM.

5 Fama and French (2016) find deviations from the implications of the model, such as related to beta, size,
value and momentum that have persisted in varying degrees since early studies by Black, Jensen, and Scholes
(1972), Stoll and Whaley (1983), Fama and French (1993), and Jegadeesh and Titman (1993) among others.
Based on this poor empirical record, it has been suggested that there is misspecification in CAPM, and
additional risk factors have been suggested that improve the model (Fama and French 2016, 2011, 1993). Over
the last decade, only the momentum factor has persisted in generating average returns that are abnormally
high relative to those expected by the CAPM (Blitz 2020).



show that this enrichment to the standard CAPM framework explains why the SML slope is
positive at specific times only, while staying flat or even downward sloping at other times.
The enriched framework also explains the major CAPM anomalies such as size, value, and

momentum.

A sufficient condition for CAPM to apply is for investors to be mean-variance
maximizers. Recent studies in neuroscience have found evidence that the human brain
separately encodes these two moments of investment payoffs (see Bossaerts (2009) and
references therein, Fukunaga et al 2018). Expected reward is encoded in the subcortical
projection areas of the dopamine neurons, in particular, the ventral striatum, whereas brain
regions involved in risk (variance) encoding include right and left insula, and thalamus. The
executive part of the brain then constructs value from the statistics of gambles (Bossaerts

2009).6

Research in brain sciences has established that when there are multiple tasks for a
person to conduct, each task is assigned to a particular system of neurons that coordinate
their electrical firings to process information inputs that enable carrying out that task. Each
of these systems of neurons, which require energy and other biological resources to carry
out their tasks via neural firings, compete for the scarce resources with other systems in the
brains. The ‘central executive system’ (CES) located in the lateral prefrontal cortex of the
brain allocates finite resources to different systems of neurons with task performance
dependent on resource allocation (see Alonso et al (2014) and references there in). With
respect to the valuation of an asset, or a gamble, separate encoding of reward and risk are
conducted in the brain, which are then combined to generate an integrated value in the
executive part of the brain (Bossaerts 2009). It follows then that the two tasks involved in
asset valuation (estimating expected cashflows and the risk of the cashflows) are performed
by distinct systems of neurons that compete for scarce brain resources. In this article, we
allow the resource constraint in the brain to bind. That is, the possibility that sufficient brain

resources may not be allocated to either or both tasks has been considered here.

6 Evidence from decision neuroscience indicates that certain/immediate rewards are disproportionately
favoured over long-term/risky rewards (McClure 2004). Andreoni and Sprenger (2012) find that such direct
preference for certainty explains the findings in their experiments well. Siddiqgi (2017) and Siddigi and Anwar
(2020) explore the implications of such direct certainty preference for financial innovations.
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Figure 1 - Slope and Intercept of SML

Slope and intercept of SML changes with the ratio % where m; is the fraction of required
1

brain resource allocated to estimating expected cashflows, and m, is the fraction of
required brain resources allocated to cashflow risk estimation. When optimal resource

allocation in the brain shifts towards risk, % rises, and SML rotates in the counter clockwise
1

direction. When optimal resource allocation shifts towards expected cashflows, % falls, and
1

SML rotates in the clockwise direction.

Figure 1 illustrates the main result in the paper regarding SML slopes (proposition 1). The
fraction of required brain resources allocated to expected cashflow estimation is denoted by
m4, whereas the fraction of required brain resources allocated to cashflow risk estimation is

denoted by m,. Figure 1 shows that when optimal resource allocation in the brain shifts

towards risk, that is when % rises, SML rotates in the counter clockwise direction, and when
1

optimal resource allocation shifts in favor of expected cashflow estimation, SML rotates in

the clockwise direction. We argue that specific periods when the empirically observed SML

slope is positive are periods with high % (see section 2.2).
1

Acknowledging that brain resources are scarce gives rise to a resource-rational view

of the brain in which cognition is viewed as arising from the optimal allocation of limited



brain resources (see Alonso et al (2014) and references therein, Leider and Griffiths 2020).
Research in cognitive science has established that relying on informative starting points and
then attempting to adjust them appropriately is a robust strategy consistent with optimal
allocation of limited brain resources, and this strategy is universally employed in the brain
(see Leider et al (2018) and references therein). In the context of cashflow analysis, it
follows that when analyzing a firm, a resource-rational brain, leverages the cashflow
analysis of a similar firm that has been analyzed earlier, and then makes appropriate
adjustments instead of starting from scratch for each firm. For example, if one has already
analyzed the impact of a potential new entrant on a firm g, then while analyzing the impact
on another similar firm s, the resource-rational brain leverages the analysis for g and makes
adjustments for differences between q and s. We also consider the possibility that the
starting point may not come from a specific firm. Rather, investors have a sector or industry
schema which provides the starting point. In that case, q is interpreted as representing an

industry or sector average.

If the resource constraint in the brain does not bind, then full adjustment is reached,
and the cashflow analysis of g and s do not get entangled. In other words, when the
resource constraint in the brain does not bind, then starting points do not matter as there
are no traces of g left in the cashflow analysis for firm s. That is, even though a resource-
rational brain relies on informative starting points, the implicit assumption here is that
cashflow analysis involves simple enough tasks so that full adjustments away from the
starting points are reached; hence, rational expectations are formed. In this article, we relax
this implicit assumption and allow the resource constraint in the brain to bind. It follows
that the cashflow analyses of s and g are entangled. As the two tasks in cashflow analysis
are estimating expected cashflows and the risk of cashflows with each task performed by a
separate brain system, it follows that expected cashflows of s are entangled with the

expected cashflows of g, and the cashflow risk of s is entangled with the cashflow risk of g.

The intuition behind figure 1 is now easy to see. When m,, rises, the influence of the
starting point (q) in the estimated risks of s firms diminish; hence, the cross-sectional
variation in estimated risks across firms rises. This allows betas to explain the cross-sectional
variation in expected returns better; hence, the slope of SML rises, and the intercept falls

(counter clockwise rotation of SML). When m, falls, the influence of the starting point (q) in

5



the expected returns of s firms get stronger, which diminishes the cross-sectional variation
in expected returns, making it easier for a given variation in betas to explain the variation in
expected returns. Hence, the slope of SML rises, and the intercept falls (counter clockwise
rotation of SML) when m; falls. In other words, a rise in Z_j rotates SML in the counter

clockwise direction. The opposite happens (SML rotates in the clockwise direction) when %

1

falls.

When optimal resource allocation in the brain favors expected cashflows over risk of
cashflows, that is, when m; > m,, then the cross-sectional variations in the impacts of
cashflow entanglements automatically give rise to both size and value effects (see section
2.3). Combining this with the implications for the slope of SML, it follows that size and value
effects should only be observed when the SML is flat or downward sloping. This is consistent
with the empirical findings in Hendershott et al (2019). The resource-rational view of the
brain provides an explanation for the momentum effect as well, which is explained by
temporary shifts in relative resource allocation in the brain concerning momentum winners

and losers (section 2.5).

Overall, by viewing human cognition as the optimal use of limited computational
resources (Leider and Griffiths 2020), we integrate the ‘bottom-up’ understanding of
cognitive architecture as established by research in brain sciences (see Alonso et al (2014)
and references therein) with the top-down view of functional rationality (expected utility or
mean-variance maximization) as developed and typically applied in economics and finance.
It follows that, instead of one, the human brain solves two optimization problems: 1)
Optimal resource allocation in the brain. 2) Mean-Variance maximization. The most
surprising aspect of this enrichment is that major CAPM anomalies are reconciled suggesting
that CAPM is not misspecified after all. An advantage of this approach is that instead of
taking biases as given and studying their implications’, we dig deeper into the
neurobiological underpinnings of choice. In this view, biases emerge due to the way finite

brain resources are optimally allocated in the brain.

7 In particular, Siddiqi (2018) and Siddigi (2019) assume anchoring bias and study its implications for CAPM and
option pricing respectively. This article bridges the gap between these articles and the neurobiology of choice.
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In section 1, we summarize evidence from decision neuroscience pertaining to how the
resource-rational brain processes information, and how this evidence is broadly consistent
with the notion of functional rationality (mean-variance analysis or expected utility
maximization) as applied in economics and finance. In section 2, we adjust the classical
CAPM model for optimal resource allocation in the brain and study its properties. We show
how varying SML slopes as well as size, value, high-alpha-of-low-beta, and momentum arise

in the adjusted framework. Section 3 concludes with suggestions for further research.

1. Information Processing in the Resource-Rational Brain

What happens when information reaches the human brain? In economics, a black-box
approach to information absorption is typically taken with an implicit assumption that
information, when it reaches the brain, is accurately processed. In terms of actual brain
processes, research in brain sciences has established that when information reaches the
brain, a mental template or schema, is first activated, which influences information
absorption.? Brain imaging studies show that schemas lead to rapid assimilation of schema-
consistent information, which makes reliance on schemas critically important for the

resource-rational brain.?

A schema can be conceived as a scaffold or a blueprint, representing a higher-level
knowledge structure integrating lower-level units. Neurologically, it is a brain template that
involves systems of neurons across various brain regions talking to each other, with each
system constituting a particular unit in the schema. That is, schemas contain units as well as
relationships between these units. For example, for a car schema, units could be car body

and wheel, with the relationship that car body contains four wheels. For a firm schema,

8 Schemas have long been known to be used by the brain in memory formation and recall (Bartlett 1932,
Bransford and Johnson 1972, Anderson and Pearson 1984). See Hampson and Morris (1996), Anderson (2000),
and Pankin (2013) for an overview of schema theory. A sample of recent literature in neuroscience that
explores the neural basis of schemas and their role in information absorption includes Tse et al (2007), van
Kesteren et al (2010), Tse et al (2011), van Kesteren et al (2012), Ghosh and Gilboa (2014), Ghosh et al (2014),
Brod et al (2015), Spalding et al (2015), Sweegers et al (2015), Gilboa and Marlatte(2017), and Ohki and Takei
(2018).

°Tse et al 2007, Gilboa and Marlatte 2017. See Ohki and Takei (2018) and references therein.



units could be expected cashflows and risk of cashflows with an integration of these units
creating value. Schemas, by only containing the essential details, simplify the world. They
provide useful starting points, and in the process, speed-up processing of relevant
information. Several demonstrations of how schemas shape our thought processes exist in

the cognitive science literature.®

We posit that when information about a firm arrives, a relevant schema is activated
that provides a useful starting point to process that information. If it’s a prominent firm
then a scheme dedicated to it may already exist in the brain. However, if it is an average or a
typical firm then there may not be a dedicated schema for it. In that case, a related schema
may be activated. There are two strong possibilities: 1) The schema of a prominent firm in
the same sector is activated with adjustments made for the differences between the two
firms. 2) The schema is not based on any specific firm. Rather, it represents the average
behavior in the sector. Adjustments are then made for differences between average
behavior in the sector and firm behavior. Note that irrespective of the nature of activated

schemas, they provide useful starting points to the resource-rational brain.

Relying on a starting point (supplied by a schema) and then spending brain resources
to appropriately adjust it to suit a particular situation is consistent with the resource rational
view of the brain (Leider et al 2018, Leider and Griffiths 2020). We have been doing this
throughout our lives. For example, a child may initially only have a schema for a horse (large
with four legs, hair, and a tail). However, when she encounters a cow, she may make sense
of that by accessing and appropriately modifying the horse schema. She may eventually
integrate horse, cow and other animal schemas to form an overarching schema for four-
legged animals with each animal type a specific instance of the generic animal schema,
obtained by applying appropriate modifications. Similarly, investors are expected to have
clustered similar firms together and have created a schema for them, either based on a
prominent firm in the sector, or may have a generic schema for the cluster that captures the

average behavior without representing a specific firm.

Given that schemas are critically important for the resource-rational brain, the

existence of asset valuation schemas in the brain is expected. Neuroscience research points

10 For example, see chapter 2 in Stangor (2011)



to ventromedial prefrontal cortex (vmPFC) as the key area involved in processing
information through a schema where information from multiple regions in the brain is
integrated.!! So, if there are asset-valuation schemas in the brain, then the involvement of
vmPFC is necessary for their working. Intriguingly, research in brain sciences has established
that vmPFC is the key brain region involved in constructing willingness-to-pay, and that
vmPFC does so by integrating information from multiple sources (other brain regions)
(Sescousse et al 2013, Levy and Glimcher 2012, Peters and Buchel 2010, Rangel and Hare
2010, Hare et al 2008, Wallis 2007, Plassmann et al 2007). The finding that multiple sources
are integrated to construct willingness-to-pay in vmPFC points to the existence of asset-

valuation schemas.

As schemas are higher-level structures that integrate lower-level units, what are the
associated lower-level units in an asset-valuation schema? Bossaerts (2009) discusses
neuroscience evidence showing that brain separately encodes expected reward and reward
variance!? when confronted with a gamble, and these statistics are constantly re-evaluated,
suggesting that vmPFC in the brain constructs value based on the statistics of gambles. This
indicates that brain has architecture for mean-variance analysis. So, the functional or top-
down view of rationality in economics and finance is supported by the ‘bottom-up’ evidence

from neuroscience.

As expected cashflows and the risk of cashflows are the two key units involved in
constructing value or willingness-to-pay, it follows that relying on starting points (either
provided by a prominent firm in the sector or by a sector average schema) and making
adjustments has two key tasks: appropriately modifying the expected cashflow of the
starting point, and appropriately modifying the risk of the starting point. Research in brain
sciences has established that, where there are multiple tasks, different brain systems
(systems of neurons) are assigned to each task. These systems compete for scarce resources
that are allocated by a ‘central executive system’ (CES) located in the lateral prefrontal
cortex with relative task performance dependent on how the brain resources are allocated

between them (Alonso et al 2014). It follows that the two tasks involved in valuation

1 yan Kesteren et al 2010, Tse et al 2011, Ghosh et al 2014, Brod et al 2015.
12 Fukunaga et al (2018) present evidence that risk is primarily encoded in the brain as variance of possible
outcomes.



(modifying the expected cashflows starting point, and modifying the risk starting point) are

performed by distinct brain systems that compete for scarce brain resources.

In the next section, we take a modern derivation of CAPM (as in Frazzini and
Pederson (2014)) and adjust it for such reliance on starting points. This transforms the
decision problem underlying CAPM from just mean-variance maximization to mean-variance

maximization in the context of optimal resource allocation in the resource-rational brain.

2. CAPM adjusted for Optimal Resource Allocation in the Brain

We start with a modern derivation of CAPM (such as in Frazzini and Pedersen (2014)), and
add a twist that incorporates information processing via schemas in the brain. As in Frazzini
and Pedersen (2014), we consider an overlapping generations (OLG) economy. Each agent
lives for two periods. Agents that are born at t aim to maximize their utility of wealth at t +
1. Their utility functions are identical and exhibit mean-variance preferences. They trade
securitiess = 1, -+, S where security s pays dividends d7and has n; shares outstanding, and

invest the rest of their wealth in a risk-free asset that offers a rate of 7.

The market is described by a representative agent who maximizes:
max n'{E;(Pey1 + diyq) — (L+16) P} — g”’ﬂtn

where P, is the vector of prices, (), is the variance-covariance matrix of P, 1 + d;44, and y is

the risk-aversion parameter.
It follows that the price of a security, s, is given by:

E(X{yq1) — VCOU(XtSH'X%ﬂ
1+

pf = 2.1)

where security s payoff is X7,; = Pi,, +di;
and the aggregate market payoff is:

XP1 =ni(Phy +diyy) +ny(Phy + dEyy) +omeees +n5(Pipq + divq)-
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2.1 Using Schemas

Bossaerts (2009) discusses evidence from decision neuroscience indicating that two key
gamble statistics of expected reward and reward variance are encoded separately in the
brain. Expected reward is encoded in the subcortical projection areas of the dopamine
neurons, in particular, the ventral striatum, whereas brain regions involved in risk encoding
include right and left insula, and thalamus. As discussed in the previous section, the key
brain region involved in estimating willingness-to-pay is vmPFC, which constructs value by
integrating information coming from other brain regions (Levy and Glimcher 2012). As
schemas are high-level structures that integrate lower-level units and the key region
involved in processing information via schemas is also vmPFC, valuation is consistent with

schema reliance.

In line with 2.1, we propose that the valuation schema in the brain has the following

structure:

Expected Cashflows — (risk aversion) * (Risk of Cashflows)
1 + RiskFree Rate

Willingnes to Pay =

As can be seen from the above general form of a valuation-schema, in our context, the two

units that need to be estimated are expected cashflows and the risk of cashflows.

Based on the evidence summarized in section 1 (see the discussion in Alonso et al
(2014) for a more detailed review of neuroscience evidence), we build a resource allocation
model applicable to value construction as follows. We assume that the representative agent
analyses the total earnings or cashflows of a firm to estimate equity value. This analysis has
two tasks. Task 1 is estimating the expected future earnings or cashflows of the firm,
whereas Task 2 requires estimating the risk of future earnings or cashflows. Apart from
these two tasks, we combine all other tasks that the brain may be engaged in at the time of
analysis and refer to this aggregate as Task 3. Each task is performed by a separate brain
system, which alone is responsible for that task. Systems are made-up of neurons, which

demand resources. Resource deficit implies underperformance in the task.

We assume that the agent relies on a pre-existing schema to help with these tasks.

The pre-existing schema may belong to a similar firm that the agent has analysed earlier, or

11



it could be a generic schema for the sector. In both cases, we use g to denote the relevant

starting point.
Denoting total earnings of g and s at t + 1 by ], , and 7§, respectively, Task 1 is:
E'(miy) = E(ﬂfH) —my D, (2.2)

where D, = E(r},,) — E(m{, ) is the correct adjustment needed, and m, is the fraction of

correct adjustment achieved.

Task 2 is:

Cov' (mfy,, i) = Cov(ml,, i) — myD, (2.3)
where D, = Cov(nl,,, M ) — Cov(mi,,, mM,) is the correct adjustment needed

m,, is the fraction of correct adjustment achieved and ! , is the aggregate earnings of all

firms in the market.

As in Alonso et al (2014), we assume that each system is selfish and cares only about
performance in its own task. The resources that can be allocated to each system, [ €
{1,2,3}, arein the set @; = [0, @;]. The amount of resources needed to carry out a task
perfectly is denoted by ¢; € @;. The amount of resources a system gets is denoted by y;. A
system seeks y; = @;. We assume that there is a benefit function 9;(y;; ¢;) associated with
each task that the CES computes. The benefit function takes it maximum value when y; =
@;. When y; < ¢, there is a loss. When there are too many resources, y; > ¢;, there is no
benefit. It could even be damaging as too much attention could be counterproductive. In

any case, we assume that the benefit function is non-increasing when y;, > ¢;.

We follow Alonso et al (2014) in defining the following benefit function (without loss

of generality):

au(y; — ) i <
0 =[O0 Uy <o @

where 1©;(0) = 0, 4;(0) = 0, y;(z) > 0,and u;"(z) < 0 forall z < 0.

12



Under (2.4), it immediately follows that as the gap between the resources needed to
successfully complete a task and the resources made available to the task (¢; — y;)

increases, benefit from the task falls.

We define m; and m, as follows:

Y1
m, =— 2.5
1= 0 (2.5)
V2
m, = — 2.6
2= (2.6)

So, m; and m, are fractions of required resources allocated to Task 1 (expected cashflows)
and Task 2 (cashflow risk) respectively, which is taken to be the same as the fraction of
correct adjustment without loss of generality. When the required resources are made
available, tasks are flawlessly completed and rational expectations are formed in both Task
1 and Task 2. And, when there is a resource deficit, the adjustment process is affected in

proportion with the deficit.
As in Alonso et al (2014), we assume that the optimization problem that the ‘Central
Executive System’ (CES) in the brain solves is as follows:

max
ey, yo} D101 0 F 0202 02) + 95(35 03)
sst y1t+y, tys<k

Assuming a binding resource constraint (¢, + @, + @3 = k), to characterize an interior
solution, we take the simplest case of a quadratic benefit function that meets the criteria for

such a function (as explained in 2.4):

9 e) =~y — @)? (2.7)

The interior solution is (corner solutions are also easy to characterize):

1

[, + @, + @3 — k] forl e{1,2,3} (2.8)

13



For Task 1 and Task 2, plugging (2.8) in (2.5) and (2.6) leads to:

‘Pl_(l 1 1)[(P1+(P2+(P3_k]
m, = i “ip (2.9)
1

902_(1 1 1)[(P1+(P2+(P3_k]
m, = i “ip (2.10)
2

The key point of (2.9) and (2.10) is that the fraction of required resources allocated to Task 1
and Task 2 depend on relative task importance and the resources needed to successfully
complete the task. For example, consider the case when all tasks are equally important:
a,=a, =az =1,and ¢; = 90,9, = 60,9p; = 30 and k = 100. Here, the idea is that
more resources are needed for estimating expected cashflows (Task 1) than risk of
cashflows (Task 2). This fits well with the observation that analysts spend most of their time
in estimating cashflows (Basu et al 2013). With these parameter values, m; = 0.704 and

m, = 0.556. If relative task importance changes, for example, a; = 2 and a, = 0.5, then

my; = 0.873 and m, = 0.238.

est+1 €qt+1

Denoting ¢c4r4q1 = and cgp4q =

as P/E ratios of s and g respectively
Tst+1 Tgt+1

(inclusive of dividends) at t + 1, realizing that total market equity value of firmsatt + 1 is

est+1 = Ns(Pfr14diy1), where ng is the number of shares of firm s outstanding, and

similarly for q, eg4q = ng (P, + d{,,), it follows from (2.2) and (2.3) that:

E'(Péyy +diy1)
= E(Pts+1 + dg+1)

n

qCst+1
+(1—my) (E(Ptﬂl +dfyy) —————E(Pi + de)) (2.11)

NgCqt+1

14



Cov'(Piyq + d§+1'X£i1)
= Cov(Piyy +diiy, X{h1)

NgCst+1
+ (1 —-m,) (Cov(Pt‘i1 + d?ﬂ,Xﬁl)ﬁ — Cov(P{,{ + d§+1,Xﬁ1))
stqt+1

where the aggregate market payoff, X}, = n; (P}, + diy1) + ny(PE + dZy) e

+ni(P3., + dZ,,), with m; and m, given in (2.9) and (2.10) respectively.

2.2 Generalized CAPM

A sufficient condition for classical CAPM to hold is that investors are mean-variance
optimizers with an implicit assumption that the resource constraint in the brain does not
bind. In this article, we relax this implicit assumption and consider what happens when the
resource constraint in brain does bind. So, the decision problem an investor faces is not just
how to allocate finite wealth across various assets, but also how to allocate finite brain
resources to various tasks involved in mean-variance optimization. In other words, investors
are solving not just one but two optimization problems. In the previous section, the
optimization problem of allocating brain resources to the tasks of estimating future
cashflows and the risk of cashflows is solved. In this section, we use the solution of that
optimization problem as an input into the mean-variance optimization problem of wealth

allocation across various assets.

The resource rational brain relies on informative starting points and optimally
allocates scarce brain resources to various tasks. With a binding resource constraint in the
brain, it follows that less than required resources are generally allocated, and the cashflow
analysis of a firm, say s, gets entangled with the cashflow analysis of the starting point, g.
Assuming that CES computes the simplest benefit function (quadratic) in allocating
resources, the fraction of required resources allocated to expected cashflow estimation is
given in (2.9), whereas the fraction of required resources allocated to cashflow risk
estimation is given in (2.10). The estimated expected cashflows and the risk of cashflows for

s are then entangled with the corresponding quantities for g, and are given in (2.11) and

15



(2.12) respectively. What are the implications of such entanglements for CAPM? This is the

guestions that we answer next.
We consider the following two cases:

1) Sector schema is based on a prominent firm. That is, the starting points come from a

specific firm, q.

2) Sector schema is not based on a specific firm, rather, it is a generic schema representing
the average behavior in the sector. That is, g does not represent a specific firm. Rather, it

represents the average behavior in the sector.

Similar results are obtained in both cases. However, for completeness both cases are

considered here.

2.2.1 Sector schema is based on a firm

We re-state the pricing relation that follows from mean-variance optimization given in (2.1)

here:

ps — E(P{q +diyq) — yCov(Piyy + diq, X[1)
t 1+

(2.13)

So, in this optimization problem for firm s, estimates of expected payoff, E' (P{.; + di,1),
and the risk of payoff, Cov’(P$,; + di,,, XM ,) are needed. These estimates depend on the

solution to the optimal brain resource allocation problem, and are given in (2.11) and (2.12).
Plugging these estimates from (2.11) and (2.12) into (2.13), we get:

*
ngCst+1
ngCqt+1

E(Pf+1+df+1)+(1—m1)<E(Ptq+1+d?+1 —E(pg+1+dg+1)>_

M q a M \"qSst+1
Y{COU(PtSH+d§+1rXt+1)+(1_m2)(COU(PtH+dt+1'Xt+1)n§th+1_
s —
Py =

M
Cov(PtS+1+d§+1,Xt+1)>}

1+rp

(2.14)

where E(PL, +d{,,) and Cov(PL, + d,,, X} 1) are the corresponding estimates of a
similar firm q.
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The share price of q is given by:

pd — E( ty1 T dg+1) VCOV( t41 T d?+1'X%r1)

2.15
t 1+71g ( )
Converting (2.15) and (2.14) into expected return expressions:
14
E[Rl, 1| = Rp + =5 Cov(PL, +dl, ., X{%,) (2.16)

t

)4
E[R{y1] = Rp + F{COV(PtSﬂ +di, X))
t

t+1
+ (1 —m,y) (Cov( a  + d§+1,xt+1) MqCsts1 Cov(PS, + dm,xgﬁl))}
ng qt+1
( ml) q q Cst+1
- E( t41 T dt+1) — E(Pq + divq) (2.17)
P’ NgCqt41

For simplicity, in what follows, we set €541 ~Cge41. That is, g and s are expected to have the
same P/E ratios at t + 1.

To fix ideas, initially it is useful to assume that there are just two firms in the market,
s and g before generalizing to N firms. Multiplying (2.16) by w, = %ﬂl}q, which is the weight
of firm g in the market portfolio (PMis the price of aggregate market portfolio), multiplying

*pS
(2.17) by wg = %, and adding:
t

14
E[RM.,] =Ry + P—M{Var(xM)

+ (1 —my)(Cov(PL, + dl,,, XM )nj — Cov(PEyy + dfyq, XM )n3)}

( —my) . .
- (E( t41 T dfﬂ)nq — E(P{,1 + diy)ni)

=Y

(E[R{y'l"l] RF)Pt +0 - ml)(E( t+1 T dg+1)n;; —E(P, + df_,_l)n;)
{Var(XM) + (1 —my)(Cov(PL, +dl XM Iny — Cov(PS,, + di,, XM )ns)}

(2.18)
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Substituting (2.18) into (2.16) and (2.17) and simplifying leads to:

E[RY,,] = Re + (B[R] = Re) + (1 —my) (woE(RE,,) — weE(RE))| - Bg

1
. 2.19
(1 + (1 - mz)(Wq.Bq - WsBs)) ( )

E[Rf+1]=mil + [EIRIL] = Re) + (1 = my) (wyE(RY,,) — wiE (R

1+ @-mo (G -1)

1+(1- mz)(Wqﬁq - Wsﬁs)

W
B, - (1-m)E(RL,,)— " (2.20)

Extending the analysis to a large number of g type firms, with each g spawning multiple s

type firms, then the following generalized CAPM expressions are obtained:
q
E[R{,]

= R+ |(BIRMA] = R + (L= m) D > (weE(RE,) = weE(RED)| - g
q s

1
. 2.21
<1 + (1 - mz) Zq Zs(Wqﬁq - Wsﬁs)) ( )

1
EIR%] = —{ Re + | (BIRM,] - RF)+(1—m1)zz woE (REy1) = wiE (RE.))

1

8
1+(1—m2)(:’jﬁq—1) W
S E(RY 2.22

TF Aoy S sy —wipy |~ T mERL) T 222)

* Bs

In a given cross-section of firms, the following two quantities are constant:

h = ZZ(wqﬁq — wyfs) (2.22a)
7 s

g= 22 woE(R%,,) - WSE(Rt_,_l) (2.22b)
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It follows that the generalized CAPM expression can be written as:

1+(1—m2)(w"ﬁ"—1>

1

w
— (1 -m)E(RL, Wq (2.22¢)
S

If the resource constraint in the brain is not binding, that is, both m; and m, are equal to 1,
then the above generalized CAPM expression converges to the classical CAPM expression as

can be easily verified.

Given evidence that investor attention is highly asymmetric with a lion’s share
devoted to prominent large market-cap firms (Fang and Peress 2009), we assume that they
are the g firms. It follows that w, > wj. So, it is possible that for some firms in a given
sector, w, B, < wsfs; however, when aggregated across all firms in the sector and then
across all sectors in the market, we expect Y, ¥s(wyB, — wsBs) = h > 0. Similarly, even
though it is possible for some firms in a given sector to be such that WqE(RfH) <

wgE (RZ,1), when aggregated across all firms in the sector and then across all sectors in the

market, we expect Y, X (qu(R,f’+1) - WsE(Rfﬂ)) =g>0.

2.2.2 Sector schema is based on average behavior

Suppose market is divided into clusters with each cluster comprising of similar firms. There
is a sector schema for each cluster based on the average behavior in the cluster. That is, g
does not denote a specific firm, rather the average behavior in the sector. It is easy to verify
that a generalized CAPM expression very similar to (2.22c) is obtained with the only

difference beingthath = g = 0.
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The generalized CAPM expression with sector average as the starting point is:

BIRE ] = o {Re + [BIRE.] — RO By (1 +(1—my <wng _ 1))

Wsﬁs

N

— (1 - mE(RY,, %} (2.22d)

The results do not depend on whether we take h > 0and g > 0 orset h = 0 and

g = 0. We consider both cases for completeness.

(2.22c) (or equivalently, (2.22d)) is the key equation corresponding to CAPM when
resource constraint in the brain binds. As can be easily verified by plugging-inm; = 1 and
m, = 1in (2.22c) or (2.22d), when the resource constraint in the brain does not bind, the

classical CAPM expression is recovered.

2.2.3 Varying SML Slopes

As can be seen from (2.22c) or (2.22 d), expected return varies with beta; however, this
variation is different from the variation under the classical CAPM. Taking the partial

derivative in (2.22c) with respect to beta:

0E[R{ 4] _ [5M +(1- m1)gl my

9B, | 1+(-—mph | my (2.22¢)

where §,, = (E[RM ;] — Rp).

It is clear from (2.22e) that the slope of SML varies positively with % As this ratio rises, the
1

slope of SML increases. It does not matter whether we take large market-cap firms to be g
firms (h > 0, g > 0) or take the sector averages as the hypothetical q firms (h = 0,g = 0).

We get the same result in both cases.

One may note that a more accurate measure of SML slope is not the partial
derivative in (2.22e) but the total derivative as when beta changes, one expects the weight
of the firm in the aggregate market portfolio to change (w;) as well. After all, market price

changes with beta.
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The corresponding total derivative can be written as:

dE[R{y,] [5M +(1— ml)gl 1

dpB; 1+(1—-—myh | my
Wy, 0w, w, dw
Amy, — (1 —my) —2—"+(1- —"—S} 2.22
fma = (1= mo) S+ (1 my) 2T (2.22f)
If Z‘gs > 0, even if quite small, then for low enough values of %, the slope of the SML is
N 1

downward sloping. Proposition 1 follows.

Proposition 1 (Varying SML slopes) The slope of the Security Market Line (SML) can be

upwards, flat, or downwards, depending on the relative resource allocation (%) in the
1

brain. When % rises, the slope steepens. It flattens (could be downward sloping) when %
1 1

falls.

Next, we present a numerical example that illustrates proposition 1.

2.2.2 A Numerical Example

To illustrate proposition 1, we take a numerical example with a total of 6 firms in the market
belonging to the same sector or cluster. Their expected firm-level payoffs and covariance of
payoffs with the aggregate market payoff are given in Table 1. We assume that the sector
average is used as a starting point. That is, the g firm is a hypothetical firm. We set risk-
aversion coefficient at y = 0.1, and the risk-free rate at 3%. By definition, the variance of
aggregate market payoff, Var(Xy;4+1), is the sum of all firm-level covariances, and

aggregate market value at t, Py, is the sum of all market values at t.
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Total market value of a firm’s equity at ¢ follows (from 2.14 slightly modified):

E(n(Pyy+ a3y ) )+ (-ma) (E(ng (PR 1 +af, ) -B(ns(PEs +aEin)))-

y{Cov(né(Pts_,_1+d§+1),Xﬁ1)+(1—m2)(Cov(n’,} (Pl +al  )xM,)-cov(ns(PEy, +d§+1),X%_1))}
1+rp

Ve =nip? =

The equity value of each firm under rational expectations, m; = 1 and m, = 1, as well as
with insufficient resource allocation to risk, m; = 1 and m, = 0.1, are given in Table 1. The

beta of each firm can be inferred from:

_ Cov(ns(Piy1 + div1), Xuev1) Pu

s Var(Xy)niPs
Table 1
Expected Payoffs Risk of Payoffs Equity Value at t Equity Value at t
att+1 att+1 n*py n*pP;
E(n*(Pey1 + dis1)) Cov(n*(Peyq + disr) Xosesr) m;=1m, =1 m; =1,m, = 0.1
S1 100 20 95.15 94.05
S2 105 25 99.51 98.86
S3 110 30 103.88 103.67
S4 120 35 113.11 113.33
S5 125 40 117.48 118.13
S6 130 45 121.84 122.94
Var(Xue+1) - 195
Py 650.97 650.97
Average (q 115 32,5
firm)
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Expected Return vs Beta
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Figure 2. The slope of SML varies with relative resource allocation in the brain. When
resource allocation in the brain favors risk estimation (% rises), SML rotates in the counter
1

clockwise direction. When the resource allocation in the brain favors estimation of expected
cashflows (% falls), SML rotates in the clockwise direction.
1

Expected returns vs beta are plotted in figure 2 for the following combinations of m; and

mzz% =0.1(m =1,m, = 0.1),% =05(m, =1,m, = 0.5),% =0.75(m; = 1,m, =

1 1 1

0.75), % =1(m; =1,m, =1),and % = 1.05 (m; = 0.95,m, = 1). As can be seen from
1 1

figure 2, when % rises, SML tilts in the counter clockwise direction.
1

2.2.3 Empirical Evidence on Varying Slopes

Empirical evidence suggests that at specific times, the slope of SML is steeper, whereas the

slope is flat or downward sloping at other times. The times when the observed slope is
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steeper are consistent with resource allocation in the brain favoring risk. That is, % is higher
1

at such times:

1) Cohen et al (2005) find that months of low or negative inflation correspond to the
positive slope of SML. Such months are times of low or depressed aggregate demand; which
naturally are periods of heightened risk for businesses. So, one expects both a5, and ¢, to

rise. It follows that optimal resource allocation in the brains of investors is expected to shift

towards risk in such months. Hence, % rises, which steepens SML.
1

2) Savor and Wilson (2014) find that SML is steeper on days of major macroeconomic
announcements (unemployment, inflation, and interest rate decisions by FOMC). As this is
macro risk news being released on such days, more brain resources are needed to

accurately estimate the risk of cashflows. That is, ¢, rises. This shifts the optimal resource

allocation in the brain towards risk. Consequently, % rises and SML steepens.
1

3) Antoniou et al (2015) report that periods of pessimistic investor sentiment correspond to
a steeper SML slope. As pessimistic sentiment means that risk consideration in the CES is

stronger, a, rises. It follows that optimal resource allocation in the brain shifts towards risk,

% rises and SML steepens.
1

4) Jylha (2018) finds that tightening of margin requirements by Federal Reserve on stocks
corresponds with flattening of SML. Federal Reserve was given the mandate to monitor and
adjust margin requirements on stocks after the 1929 stock market crash which triggered the
Great Depression. The idea was to check the optimistic sentiment when markets are
booming unsustainably to make any subsequent fall less damaging. It follows that margin
requirement tightening tends to correspond to periods of optimistic sentiment (booming

stock market) when the optimal resource allocation in the brain shifts away from risk. That

is, a, falls. Hence, % falls in such periods, which flattens SML.
1

5) Hendershott et al (2019) find that SML has a positive slope with a negative intercept
overnight (close-to-open) whereas it has a negative slope with a positive intercept during
the day (open-to-close). At-open, due to the break of 16-18 hours in trading overnight, there

could be a large deviation between the previous day’s close and this morning’s open. Hence,
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risk consideration is more important at open. Furthermore, at open, more brain resources
are needed to incorporate global risks as reflected by performances in other markets. So,

one expects both a,, and ¢, to rise at such times. It follows that, at open, optimal resource

allocation in the brain shifts towards risk estimation. It follows that % is higher at open,
1

which rotates the SML in counter clockwise direction. This temporary increase in % is
1

gradually reversed as the day progresses, causing the SML to rotate back in the clockwise

direction.

2.3 Special Case 1: Cashflow-Schema CAPM

In this section, we consider the case when m;~1. This captures the case when substantially
more resources are allocated to estimating expected cashflows when compared with the
risk of the cashflows. From (2.9), this corresponds to a situation when the relative
importance of estimating expected cashflows is significantly greater: @; > a,. Given the
importance given to earnings-level news (Basu et al 2013), we conjecture that this is the
case which is typically observed. We call this special case, the cashflow-schema CAPM. In

terms of SML slope, having resource allocation in the brain favoring earnings estimation

implies that % is small, which flattens the SML slope.
1

The corresponding generalized CAPM expression when g is a prominent large-cap firm in

the sector is obtained by plugging m; = 1in (2.22c):

1+(1—m2)(Wqﬁq—1)

Wsﬁs

E[Rfi1] = Rp + (E[RM 11— Rp) - By - Tr = my)h (2.23)
where h = ¥, ZS(Wq,Bq — Wsﬁs).
The corresponding generalized CAPM expressions when q is the sector average:
s M WqPByq
E[Ri;1] = Rp + (E[R31] = Rp) - Bg- (1 + (1 —my) wep. 1 (2.23a)
SIS
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It is intriguing to note that the above generalized CAPM expressions have the same form as
the classical CAPM with only one difference: a factor that multiplies  appears. For further

analysis, it is useful to write (2.23) and (2.23a) in the following equivalent form:

E[R{;1] — Rp = a5 + (E[R{{1] — Rp) - Bs (2.24)
where

_ Wq.Bq (1 - m2)6M
ag = ( " — Bs(1 + h)) T+ (=mh (2.24a)

h = Zq Zs(Wqu - WS,BS) and 6M = E[Rév-li-l] - RF

(Add and subtract Bs(E[Ry] — Rr) from the right-hand-side in 2.23 and re-arrange to get
2.24). Note, that if q is the sector average then h = 0.

Writing the generalized CAPM as in (2.24) is useful as it highlights that the impact of
a binding resource constraint in the brain is to give rise to an additional term alpha in the
classical CAPM expression. One can directly see from (2.24a) that this additional term or

alpha is bigger from small- beta and small-size stocks in a given cross-section of stocks.

2.3.1 High-alpha-of-low-beta, value, and size effects

(2.23) and (2.23a) show that in the generalized (cashflow-schema) CAPM, there is an
additional multiplicative factor, which multiplies 5. For a firm s whose schema is created by

modifying the schema of a similar firm g, this additional multiplicative factor is equal to:

1+(1—m2)(W"ﬁq—1>

WS.BS

- 2.25
f 1+ (1—my)h (2.25)
However, if sector averages are used as starting points then:
wqBq
f= 1+(1—m)<q —1> (2.25a)
2 WSBS
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Proposition 2 shows the emergence of high-alpha-of-low-beta in the cashflow-schema

CAPM

Proposition 2 (High-alpha-of-low-beta) In a given cross-section of stocks, a stock with low

beta outperforms a stock with large beta on a risk-adjusted basis, all else equal.
Proof

Suppose there are two stocks s and s’ such that s < . Risk-adjusted return on s is given

by:

E[RS,,] - R 1
% = {1 + (1 —my) (tzgz - 1>} X " X (E[R%1] — Rr)

where v is a constant in a given cross-section: v =1+ (1 — my)h

Risk-adjusted return on s’ is given by:

E[Rs,]-R 1
% = {1 +(1-myp) (:ﬁ‘i — 1)} X = (E[R$%4] = Rp)

As 3 and S appear in the denominator on R.H.S, it follows that:

S’
E[R{;1]-RF > E[Rt+1]_RF
Bs ﬂsf

Similar proof follows for the case when g represents the sector average by setting h = 0

The high-alpha-of-low-beta effect can also be directly seen in (2.24a) as with h being a

constant or O in a given cross-section:

dag (1—my)8,(1+h)
B 1+ —-myh

(2.26)
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From (2.26), one can also directly see that high-alpha-of-low-beta is a stronger effect when

the market risk-premium, &, is larger.

Proposition 3 (Size effect) In a given cross-section of stocks, a stock with a lower weight in
the market portfolio outperforms a stock with a higher weight on a risk-adjusted basis, all

else equal
Proof

Suppose there are two stocks s and s’ such that wy < w. Following the same steps as in

s 1= E[rs. . |-R
the proof of proposition 2, it is easy to see that E[R“;;] Re S [ t;] il
s s!
[ |
One can also see size-effect directly in (2.24a):
da w, 1—-m,)0
s (Yaba) U-ma)on__, (2.27)
owg wZ J1+ (1 —my)h

As with high-alpha-of-low-beta, size is a stronger effect when market risk-premium, &, is

larger, and does not depend on whether h is positive or 0.

Intriguingly, in cashflow-schema CAPM, an effect similar to value effect is seen as
well. Value effect refers to the finding that a stock with low price to fundamentals tends to
outperform a stock with high price to fundamentals. Suppose there are two stocks s and s’
that have similar fundamentals (expected payoff and the risk of payoff). That is,

E(Péy +diyy) = E(PEy +diyq), and Cov(Piyy + diyy, X[51) = Cov(PEyy + dify, Xi4y).
Assume that P; < Pyr. That is, stock s is cheaper with the same fundamentals; hence, is a

value stock.

If there is a value effect, then it must be so that
E[R},1] =Ry _ E[R{i1] — Ry
>
ﬁs ﬁs’
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In other words, the risk-adjusted return on a low price-to-fundamentals stock should be

greater if there is a value effect.

To see if the above is true, start from:

n*
E(P§+1+d§+1)—y{Cov(P,f+1+df+1,th‘j’rl)+(1—m2)<Cov(Xf+1,X%1)n—g—Cov(P,_§+1+d§+1,Xﬂ1)>}
<Py =

P, =

1+rp

*

l l l i M q’ q’ M \"q/ M
E(Pts+1+d§+1)_V{C0”(PtS+1+dg+1rXt+1)+(1_m2)(COU(PtH+dt+1'Xt+1)_,_C0"(Pts+1+d§+1'Xt+1)>}

+
s

. Assuming
1+rp

the same fundamentals across the two stocks, E(PS,, + di,;) = E(P;, +di4,), and

Cov(Pfq + di, 1, XM ) = Cov(PEl, + di,,, XM ), it follows that:
q ¢ ym T4 ar @ gm
Cov(R%, +dliy, Xt1) vy > Cov(RY, + dt+1'Xt+1)n_*
S S/

Cov(R%, +dliy, XP41) ng Cov(RY, + dliy, Xth1) ng,
Cov(P5y +diy, Xth ) ns ~ Cov(Piy + diyq, X(41) ng

WqBq _ Wq'By'
WS.BS Ws’ﬁs’

(2.28)

It follows immediately from (2.23) and (2.23a) that:

E[R{,1] —Rr _ E[Ri11] — Re
>
.Bs ﬂs’

Proposition 4 follows.

Proposition 4 (Value effect) In a given cross-section of stocks, a stock with low price to
fundamentals outperforms a stock with high price to fundamentals on a risk-adjusted

basis.

One can also see an effect similar to value in (2.24a):

das _ (1 —my)éy
OwgBq {14+ (1 -myhiw,

>0 (2.29)

29



So, alpha is larger for a stock whose schema is spawned by a firm that has a larger market-
weighted beta or alpha is larger for a stock that belongs to a sector with high average risk.
This phenomenon is similar to value effect because two stocks could be otherwise identical
except for the fact that one’s schema is spawned by a firm with a larger market-weighted
beta or it belongs to a sector with high average risk. Such a stock is likely to have a lower
price. As with size and high-alpha-of-low-beta effects, this effect is also stronger when the

market risk-premium, &y, is larger.

A common theme across high-alpha-of-low-beta, size and value effects as they arise
here is that all three effects are weaker in a booming stock market (presumably when
market-wide risk-premium is low). This can be directly seen from (2.26), (2.27), and (2.29).
Intriguingly, Blitz (2020) find that high-alpha-of-low-beta, size and value are substantially
weaker in the stock market boom decades of the 1990-1999 and 2010-2019. To our
knowledge, there is no other approach that makes this prediction, pointing to a promising

area for future research seeking empirical validation of the model developed here.

2.4 Special Case 2: Risk-Schema CAPM

Here, we set m,~1. We refer to this as risk-schema CAPM. This corresponds to a situation
where substantially more resources are devoted to estimating risk when compared with the
expected payoff estimation. Such a situation may arise in specific times when risk
considerations are particularly important, for example, when macroeconomic
announcement regarding unemployment, inflation, and monetary policy are made, or at-
open, when there is a risk of opening prices being substantially different from the previous
days close, and one needs to consider what has happened in other markets when this
particular market was closed. The complexity of the risk task is higher at such times as well
as the importance of the risk task. That is, in (2.9) and (2.10), ¢, > @, and @, > a4. With
these values, it follows that m, > m;. It follows that SML has steeper slope as well at such

times.
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The following generalized CAPM expression is obtained by settingm, = 1 in (2.22c):

1 M qa \Wq
E[R{1] = m_1{RF + [(E[R{51] — Rp) + (1 —my)g] 'ﬁq -(1- m1)E(Rt+1 W} (2.30)

N

If g represents the sector average, then the corresponding CAPM expression is obtained by

setting g = 0 above:

1
EIRE.s) = o {Re + [EIRY ) = R)) - By = (L= m)E(RE,,) 2] 231)

N

It is immediately obvious that, in risk-schema CAPM, the relationship between beta
and excess stock return is steeper than what the classical CAPM predicts as beta is
multiplied by a factor larger than excess market return. Larger the beta, bigger the
improvement over classical CAPM prediction. Furthermore, the implied risk-free rate is

smaller than what the classical CAPM predicts and is likely negative:
r q Wq
Rr=Rr—(1-— ml)E(RtH)W (2.32)
N

It is straightforward to see that large size (market capitalization) stocks do better in this

version as the implied risk-free rate is larger for them

Proposition 5 presents the key differences between the two versions of CAPM.

Proposition 5 (Differences between the two versions) CAPM when substantially more
brain resources are allocated to expected cashflows estimation (Cashflow-Schema CAPM)
differs from the CAPM when substantially more brain resources are allocated to risk

estimation (Risk-Schema CAPM) in the following ways:

1) The former has a flatter relationship between beta and expected returns, whereas
the latter has a steeper relationship between beta and expected returns.

2) The implied risk-free rate is smaller in the latter and is likely negative.

3) Small size, and low beta stocks do better in the former whereas large size, and high

beta stocks do better in the latter.
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2.5 The Momentum Effect as Underreaction/Overreaction to News

Momentum effect arises in the generalized CAPM as an underreaction/overreaction to news
phenomenon. Given that earnings estimation and risk estimation are the two tasks in
constructing value, and the accuracy of these estimates depend on relative resource
allocation to these tasks, any change in relative resource allocation matters. Assuming an
interior solution to the optimal resource allocation problem with a binding resource

constraint, and a quadratic benefit function as discussed in section 2.1, it follows from (2.9)

and (2.10):
1
$1— 77 Oil T~ @01+ @2 + 93 — k]
m; = (a_1 2 a_3) (2.33a)
P1
1
Y2~ 77 alz T~ 1+ @2 + @3 — k]
m, = (“_1 2 “_3) (2.33b)
P2

For momentum winners, one expects risk-consideration to become temporarily less

. . a . .
Important. That IS, we expect a_l to rise for momentum winners. For momentum |OS€FS, one
2

expects risk consideration to become temporarily more important. That is, % falls for such
2

stocks. From (2.33a) and (2.33b):

am, am,
——>0and ——<<0

() o)

a; a;

Hence, m; rises and m,, falls for momentum winners. These changes create underreaction
to good news and overreaction to bad news among momentum winners. For momentum
losers, m, falls and m, rises, creating underreaction to bad news and overreaction to good
news among momentum losers. When these temporarily changes are gradually reversed,
momentum winners see a further price appreciation, whereas momentum losers see a

further price decline.
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News can take either of the following forms: a change in expected earnings or a change in

risk. We consider both.

opP¢ _omy
OE(PS., +d5,,) 1+

Adding the change in % to the above:
2

dp;
dE (P +diyq)

my om; (ng
:1+r { E( t+1+dg+1)_E(PtS+1+d§+1}
o () ns
a;
amz n*
+ P (al){ Cov(Plhy +dfyy, Xth1) — Cov(Pfyy + d§+1,Xt”i1)} (2.34)
ay

Similarly, a change in risk with a change in a—l also considered is:
2

apr¢
dCov(P3, +di,,)

__Yma N ]
R a(az){ PR+ i) E(Pt+1+dt+1)}

n*
{ Cov(PL, +dl ;XM 1) — Cov(PS, + d§+1,X§‘ﬁ’,1)} (2.35)

2.5.1 Differential Impact of Good vs Bad News

From (2.34) and (2.35), the differential impact of good news vs bad news follows both for

momentum winners as well as for momentum losers. Consider momentum winners first. For

. a . . . .
such stocks, mrises and m, falls because a—l temporarily rises. If good news arrives in the
2

form of an increase in earnings, it follows from (2.34) that the price does not rise as much as

it otherwise would have in the absence of changes in m; and m,. Note, that we have

assumed that 2 E(Pt+1 di ;) — E(Pi 1 + di11) > 0and
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Z—ZCov(P?H +di XM 1) — Cov(Piyy + dipq, XM1) > 0, which follow if g firm is a prominent

large market-cap firm. Similar effects are seen if the good news arrives in the form of a
reduction in risk. It is straightforward to see that there is overreaction to bad news among
momentum winners. When the temporary changes in m; and m, are gradually reversed,

momentum winners see a price appreciation.

. a . .
For momentum losers, m, rises and m, falls as a—l temporarily falls. It is clear from (2.34)
2

and (2.35) that when bad news arrives for such stocks (either earnings reduction or risk
increase), the fall in price is moderated by these changes. However, when good news
arrives, the same effects cause an overreaction. When the temporary changes in m; and m,

are gradually reversed, momentum losers see a price reduction.

3. Conclusions

A sufficient condition for CAPM to hold is that investors are mean-variance maximizers with
an implicit assumption that the resource constraint in the brain does not bind. In this article,
we have relaxed this implicit assumption and have considered what happens when the
resource constraint in the brain does bind. With a binding resource constraint, human brain
needs to solve two rather than just one optimization problem, which are: 1) Optimal
resource allocation in the brain. 2) Mean-variance optimization. We show that with a
binding resource constraint, a generalized CAPM expression is obtained, which contains the
classical CAPM as a special case. This special case is only obtained if the resource constraint
in the brain does not bind. Varying SML slopes follow depending on the relative resource
allocation in the brain. When the resource allocation in the brain favors risk estimation, SML
steepens, and when the resource allocation in the brain favors earnings estimation, SML
flattens and could even be downward sloping. Features akin to size, value, and high-alpha-
of-low-beta, are observed in the generalized CAPM when SML is flat or downward sloping.
Momentum effect also arises as an underreaction/overreaction to news phenomenon due
to temporary shifts in relative resource allocation in the brain. Overall, the results in this

article suggest that the classical CAPM is not misspecified. Rather what appears as
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misspecification may be the result of ignoring the optimal resource allocation problem in

the brain.

An intriguing prediction of the approach developed in this article is that high-alpha-
of-low-beta, size, and value effects are weaker in booming stock markets (when market-
wide risk-premium is low). A closer examination of this prediction is a natural subject for

future research.

References

Alonso, Brocas, and Carrillo (2014), “Resource allocation in the brain”, Review of Economic
Studies, Vol. 81, pp. 501-534.

Anderson RC, Pearson PD. (1984), “A schema-theoretic view of basic processes in reading
comprehension”, In Handbook of reading research (ed. PD Pearson, R Barr, ML Kamil).
Lawrence Erlbaum, Mahwah, NJ. American Psychiatric Association (2013). Diagnostic and
statistical manual of mental disorders. 5th. Washington, DC.

Anderson, J. R. (2000). Cognitive Psychology and Its Implications (5th ed.). New York, NY.
Worth Publishers.

Andreoni, J., and Sprenger, C. (2012), “Risk preferences are not time preferences”, American
Economic Review, 102(7), 3357-3376.

Antoniou, C., Doukas, J., and Subrahmanyam, A. (2015), “Investor Sentiment, Beta, and the
Cost of Equity Capital”, Management Science, Vol. 62, No. 2.

Bartlett FC. (1932), “Remembering: a study in experimental and social psychology”,
Cambridge University Press, Cambridge.

Black, F. (1972), “Capital market equilibrium with restricted borrowing”, Journal of Business,
Vol. 45, Issue 3, pp.444-455,

Blitz, D. (2020), “Factor Performance 2010-2019: A Lost Decade?”, Available at
SSRN: https://ssrn.com/abstract=3562242

Bossaerts, P. (2009), “What decision neuroscience teaches us about financial decision
making”, Annual Review of Financial Economics, pp. 383-404.

Bransford JD, Johnson MK. (1972), “Contextual prerequisites for understanding—some

investigations of comprehension and recall”, Journal of Verbal Learning and Verbal
Behavior, Vol. 11, pp. 717-726

35


https://ssrn.com/abstract=3562242

Basu, Duong, Markov and Tan (2013), “How Important are Earnings Announcements as an
Information Source”, European Accounting Review, Vol. 22, pp. 221-256.

Brod G, Lindenberger U, Werkle-Bergner M, Shing YL. (2015), “Differences in the neural
signature of remembering schema-congruent and schema-incongruent events”,
Neuroimage, Vol. 117, pp. 358-366

Cohen, R. B., C. Polk, and T. Vuolteenaho (2005), “Money illusion in the stock market: The
Modigliani Cohn hypothesis”, Quarterly Journal of Economics, Vol. 120, Issue 2, pp. 639 —
668.

Fang and Peress (2009), “Media coverage and the cross section of stock returns”, Journal of
Finance, Vol. 64, pp. 2023-2052.

Fama, E., and French, K. (2016), “Dissecting anomalies with a five-factor model”, The Review
of Financial Studies, Vol. 29, Issue 1, pp. 69-103.

Fama, E., and French, K. (2011), “Size, Value, and Momentum in International Stock
Returns.” Journal of Financial Economics 105 (2011), 457-472

Fama, E. F. and K. R. French (2004), “The capital asset pricing model: Theory and evidence”,
The Journal of Economic Perspectives, Vol. 18, pp. 25-46.

Fama, E., and French. K. (1993), “Common risk factors in the returns on stocks and bonds”,
Journal of Financial Economics, Vol. 33, Issue 1, pp. 3-56.

Frazzini and Pedersen (2014), “Betting against beta”, Journal of Financial Economics, Vol.
114, pp. 1-25.

Fu, L., Murphy, A., and Benzschawel, T. (2015), “Systematic Risk and Yield Premiums in the
Bond Market.” Journal of Credit Risk 11, 1-40

Fukunaga, R., Purcell, J., and Brown, J. (2018), “Discriminating formal representations of risk
in anterior cingulate cortex, and inferior frontal gyrus”, Frontiers in Neuroscience,
https://doi.org/10.3389/fnins.2018.00553

Ghosh VE, Gilboa A. (2014), “What is a memory schema? A historical perspective on current
neuroscience literature”, Neuropsychologia, Vol. 53, pp. 104-114

Ghosh VE, Moscovitch M, Melo Colella B, Gilboa A. (2014), “Schema representation in
patients with ventromedial PFC lesions”, Journal of Neuroscience, Vol. 34, pp. 12057-12070

Gilboa, A., and Marlatte, H. (2017), “Neurobiology of schema and schema mediated
memory”, Trends in Cognitive Science, Vol. 21, pp. 618-631.

Gershman, S. J., Horvitz, E. J. & Tenenbaum, J. B. (2015), “Computational rationality: A
converging paradigm for intelligence in brains, minds, and machines”, Science, Vol. 349, pp.
273-78

Hampson, P. J. & Morris, P. E. (1996) Understanding Cognition. Cambridge, MA. Blackwell
Publishers.

36


https://doi.org/10.3389/fnins.2018.00553

Hare TA, O’Doherty J, Camerer CF, Schultz W, Rangel A. (2008), “Dissociating the role of the
orbitofrontal cortex and the striatum in the computation of goal values and prediction
errors”, Journal of Neuroscience, Vol. 28, pp. 5623—-30

Hendershott, Livdan, and Rosch (2019), “Asset pricing: A tale of night and day”, Journal of
Finance (Forthcoming)

Jegadeesh, N. and Titman S. “Returns to Buying Winners and Selling Losers: Implications for
Stock Market Efficiency.” Journal of Finance 48 (1993), 65-91.

Jostova, G. and Philipov, A. (2005), “Bayesian Analysis of Stochastic Betas”, Journal of
Financial and Quantitative Analysis 40(4), 747-778.

Jylha, P. (2018), “Margin constraints and the security market line”, Journal of Finance,
Forthcoming.

Kim, D. (1997), “A Re-examination of Firm Size, Book-to-Market, and Earnings Price in the
Cross-section of Expected Stock Returns”, Journal of Financial and Quantitative Analysis 32,
463-490.

Leider F, and Griffiths, T. (2020), “Resource-rational analysis: Understanding human
cognition as the optimal use of limited computational resources”, The Behavioral and Brain
Sciences, Vol. 43, E1, DOI: 10.1017/5S0140525X1900061X

Leider, F., and Griffiths, T., Huys, Q., and Goodman, N. (2018), “The anchoring bias reflects
rational use of cognitive resources”, Psychonomic Bulletin & Review, Vol. 25, pp. 322-349.

Levy, D., Glimcher, P. (2012), “The root of all value: a neural common currency for choice”,
Current Opinions in Neurobiology, Vol. 22, pp. 1027-1038.

Levi, Y. & Welch, I. (2017), “Best Practice for Cost-of-Capital Estimate”, Journal of Financial
and Quantitative Analysis, Vol. 52, Issue 2, pp. 427-463.

Lin, W., Horner, A., Bisby, J., and Burgess, N. (2015), “Medial prefrontal cortex: Adding value
to imagined scenarios”, Journal of Cognitive Neuroscience, Vol. 27, Issue 10, pp. 1957-1967.

Lintner, J. (1965), “The valuation of risk assets and the selection of risky investments in stock
portfolios and capital budgets”, Review of Economics and Statistics, Vol.47, pp. 13-37.

McClure, S., Laibson, D., Loewenstein, G., and Cohen, J. (2004), “Separate Neural Systems
Value Immediate and Delayed Monetary Rewards.” Science 306, 503-506.

Mossin, J. (1966), “Equilibrium in a capital asset market”, Econometrica, Vol. 34, pp. 768-783

Murphy, A. (1990), “Using Bayesian Betas to Estimate Risk Return Parameters: An Empirical
Investigation”, Journal of Business Finance and Accounting 17 (3), 471-477.

37



Preuschoff K, Bossaerts P, Quartz S. (2006), “Neural differentiation of expected reward and
risk in human subcortical structures”, Neuron, Vol. 51, pp. 381-90.

Ohki and Takei (2018), “Neural mechanisms of mental schema: a triplet of delta, low
beta/spindle and ripple oscillations”, European Journal of Neuroscience, Vol. 48, pp. 2416-
2430.

Pankin, J. (2013), “Schema theory and concept formation”, Mimeo, MIT. Available at:
http://web.mit.edu/pankin/www/Schema Theory and Concept Formation.pdf

Perfetti, Charles & Liu, Ying & Fiez, Julie & Taylor, Jessica & Bolger, Donald & Hai, Li. (2007),
“Reading in two writing systems: Accommodation and assimilation of the brain's reading
network”, Bilingualism: Language and Cognition, Vol. 10, pp, 131-146.

Peters, J., and Buchel, C. (2007), “Neural representations of subjective reward value”,
Behavioural Brain Research, Vol. 213, pp. 135-141.

Piaget, J. (1936). Origins of intelligence in the child. London: Routledge & Kegan Paul.

Plassmann H, O’Doherty J, Rangel A. (2007), “Orbitofrontal cortex encodes willingness to
pay in everyday economic transactions”, Journal of Neuroscience, Vol. 27, pp. 9984—-88

Rangel, A., and Hare, T. (2010), “Neural computations associated with goal-directed choice”,
Current Opinions in Neurobiology, Vol. 20, pp. 162-170.

Rushworth, M. F., and Behrens, T. E. (2008), “Choice, uncertainty and value in prefrontal and
cingulate cortex”, Nature Neuroscience, Vol. 11, pp. 389-397.

Savor, P., and Wilson, M. (2014), “Asset pricing: A tale of two days”, Journal of Financial
Economics, Vol. 113, Issue 2, pp. 171-201.

Sharpe, W. (1964), “Capital asset prices: A theory of market equilibrium under conditions of
risk”, The Journal of Finance, Vol. 19, No. 3, pp. 425-442,

Sescousse, G., Caldu, X., Segura, B., and Dreher, J. (2013), “Processing of primary and
secondary rewards: a quantitative meta-analysis and review of human functional
neuroimaging studies”, Neuroscience & Biobehavioral Reviews, Vol. 37, pp. 681-696.

Siddiqi, H. Anwar, S. (2020), “Financial Innovations the Curse of Safety”, Available at
SSRN: https://ssrn.com/abstract=3526183 or http://dx.doi.org/10.2139/ssrn.3526183

Siddiqi, H. (2019), “Anchoring-Adjusted Option Pricing Models”, Journal of Behavioral
Finance, Vol. 20, Issue 2, pp. 139-153.

Siddiqi, H. (2018), “Anchoring-Adjusted Capital Asset Pricing Model”, Journal of Behavioral
Finance, Vol. 19, Issue 3, pp. 249-270.

Siddiqi, H. (2017), “Certain and Uncertain Utility: A New Perspective on Financial
Innovation”, Economics Letters, Vol. 158, pp. 7-9.

38


http://web.mit.edu/pankin/www/Schema_Theory_and_Concept_Formation.pdf
https://ssrn.com/abstract=3526183
https://dx.doi.org/10.2139/ssrn.3526183

Spalding, Jones, Duff, Tranel, and Warren (2015), “Investigating the Neural Correlates of
Schemas: Ventromedial Prefrontal Cortex Is Necessary for Normal Schematic Influence on
Memory”, Journal of Neuroscience, Vol. 35, pp. 15745-15751.

Stangor, C. (2011), “Principles of Social Psychology”, Print ISBN: 978-1-77420-014-8.

Stoll, H. and Whaley (1983), “Transaction Costs and the Small Firm Effect”, Journal of
Financial Economics 12 (1983), 57-79.

Sweegers, Coleman, van Poppel, Cox, and Talamini (2015), “Mental schemas hamper
memory storage of goal-irrelevant information”, Frontiers in Human Neuroscience, Vol. 9,
pp. 6-29.

Tse D, Takeuchi T, Kakeyama M, Kajii Y, Okuno H, Tohyama C, Bito H, Morris RG (2011),
“Schema-dependent gene activation and memory encoding in neocortex”, Science, Vol. 333,
pp. 891-895

Tse D, Langston RF, Kakeyama M, Bethus |, Spooner PA, Wood ER, Witter MP, Morris RGM
(2007), “Schemas and memory consolidation”, Science, Vol. 316, pp. 76-82.

van Kesteren MT, and Meeter (2020), “How to Optimize Knowledge Construction in the
Brain”, Science of Learning, 5, Article Number 5

van Kesteren MT, Ruiter DJ, Fernandez G, Henson RN (2012), “How schema and novelty
augment memory formation”, Trends in Neuroscience, Vol. 35, pp. 211-219.

van Kesteren MTR, Rijpkema M, Ruiter DJ, Fernandez G. (2010), “Retrieval of associative
information congruent with prior knowledge is related to increased medial prefrontal
activity and connectivity”, Journal of Neuroscience, Vol. 30, pp. 15888-15894

Wadsworth, B. J. (2004), “Piaget's theory of cognitive and affective development:
Foundations of constructivism”, New York: Longman.

Wallis, J. D. (2007), “Orbitofrontal cortex and its contribution to decision-making”, Annual
Review of Neuroscience, Vol. 30, pp. 31-56.

Wou, L. (2018), “Estimating risk-return relations with analysts price targets.” Journal of
Banking and Finance 93 (2018), 183-197.

39



