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Abstract
The essence of this paper is to create a framework through which asset mispricings can be
exploited and modelled into a portfolio through the use of endogenous view conditioning of
Black-Litterman Model. Black-Litterman portfolio model, contrary to classical Markowitz
portfolio model, is a mixed estimation Bayesian model that considers views and by virtue of
informed priors can generate more stable and usable portfolio weights. This paper, being
novel in its application of endogenous conditioning of Black-Litterman model for Indian
stock markets, apply views that are generated endogenously from historical return data itself
to implement Short-term Contrarian strategy. The resultant portfolios outperform the broad
based market index in outsample and exhibit market timing ability. Net of transaction costs,
the Black-Litterman portfolios perform better than market index as well as rupee neutral
conventional rank based Short-term Contrarian portfolio out of the same set of stocks.
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Introduction
The essence of this paper is to create a framework through which asset mispricings can be
exploited and modelled into a portfolio through the use of endogenous view conditioning of
Black-Litterman Model. Classical portfolio theory of Markowitz fails to generate
implementable portfolio weights due to its simplistic approach to handling risk and the
assumption of historical returns as expected future returns. Black-Litterman portfolio model
on the other hand, being a mixed estimation Bayesian model, considers views about future
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returns conditional to past returns and then by Bayes‟ theorem estimates the expected return
conditional to the views. By virtue of the use of informed priors it can generate more stable
and usable portfolio weights. Further the model is very conducive to views that can be
endogenously generated from past data. This paper, being novel in its application of
endogenous conditioning of Black-Litterman model for Indian stock markets, apply views
that are generated endogenously from historical return data itself to implement Short-term
Contrarian strategy that exploits the overreaction and return reversal of stock prices in time
frames of an week to a month. The resultant portfolios outperform the broad based market
index CNX500 in outsample and the superior performance can be attributed to market timing
ability. Net of transaction costs, the Black-Litterman based contrarian portfolios for two
weeks and monthly horizons perform better than market index as well. A comparison with
zero cost (rupee neutral) conventional rank based Short-term Contrarian portfolios out of the
same set of stocks shows that the risk adjusted returns of the Black-Litterman derived
portfolios are better net of transaction costs. A block-wise bootstrapping simulation technique
is used to further test the robustness of the results in dynamic subsamples and the BlackLitterman based portfolios show better risk adjusted returns and lower VaR estimates. Also
this paper uses daily data, rather than conventional weekly or monthly ones and demonstrates
how powerful Black-Litterman based Bayesian models can be in dealing with higher
frequency data and endogenous view conditioning focussed on a trading strategy.
The Classical Portfolio Model of Markowitz
Portfolio selection is one of the fundamental pillars of modern finance that started with Harry
M. Markowitz‟s mean variance framework (1952). The classical Markowitz model is based
on the idea that resultant portfolio can have a mean return to variance ratio less than that of
individual assets if correlation between any two of them is less than perfect. Markowitz
model for N assets under consideration uses a quadratic objective function for which the
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minimum variance criteria is fulfilled by a negative part having N(N+1)/2 quadratic terms
making it hard to solve for a large number of assets, especially if there are other constraints
required to be included. Further, Markowitz‟s model assumes the correlation between assets
to remain constant over time and thus the model does not deal well with stock market data
where variances and covariances are conditional. Chua David B, et al (2009) presents
empirical results across a wide variety of assets, revealing that, unlike the theoretical
conditional correlations, empirical correlations are significantly asymmetric, making it hard
for the Markowian minimum variance portfolio to capture the true risk involved with
covariance matrix.

Another problem in the Markowitz mean variance model is the

assumption of mean historical return as expected return for future. Acting together they make
Markowitz model to infamously assign weights to constituent assets that are no longer
pragmatic and often in the extreme positive and negative territory. Thus, it is best applied to
allocation decisions across asset classes, for which the number of correlations is low, and the
summary statistics are well estimated. [2]
Still, the mean-variance as a static one-period model has widely been accepted as the
conceptual framework by both academicians and practitioners and also the CAPM theory
suggests that the value weighted portfolio or the market portfolio is mean-variance efficient.
Black-Litterman Model & its Theoretical Framework
While the classical Markowitz approach of mean-variance optimal portfolio takes into
consideration only the historical observations and thus does not consider the sampling
distributions of the observed parameters, especially the mean or expected returns, the
Bayesian approach considers the distribution of such parameters. The Bayesian approach
takes in specific views about the expected future returns conditional to historical returns and

2

See “An Introduction to Investment Theory” by Goetzman
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then applying Bayes‟ rule arrives at conditional distribution of expected returns given the
distribution of views.
An implementable model of Bayesian approach is the Black-Litterman model (1992) which
being a mixed estimation model assumes, as prior, the equilibrium risk premiums of each
stock that can be obtained by sharing the total market risk in proportions to their market
weights. That is...
∗
(1) 𝛱 = 𝜆𝛴𝜔𝑚𝑘𝑡

Where λ is the degree of risk aversion of a power utility investor, defined as 𝜆 =

𝐸(𝑟𝑚 )
𝑉(𝑟𝑚 )

, wmkt

is the market capitalization weights (normalized) and Π is the equilibrium risk premium.
This Π is the prior used in Black-Litterman portfolio so as to get the portfolio weights close
to existing equilibrium market weights.
Further, the probability density of the parameter µ (mean return) is
(2) 𝑝 𝜇 = 𝑁(𝛱, 𝜏𝛴)
Where, τ is a scalar denoting the confidence in estimated variance-covariance matrix (Σ)
parameters.
Now, let Q be the column vector of views, i.e. the exogenous expectation of the investor
about the assets future returns with its diagonal variance matrix as Ω. Then distribution of
views conditional to µ is expressed as:
(3) 𝑝 𝑄 𝜇 = 𝑁(𝑃𝜇, 𝛺)
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Where, P is a design matrix that combines views which the investor has been able to express
about the assets into portfolio. P matrix has K rows for K views expressed and having N
column for an N asset model.
Then, the Bayesian predictive density function future return r is given by:
(4) 𝑝 𝑟 𝑄, 𝛴 = 𝑁(µ𝐵𝐿 , 𝛴𝐵𝐿 )
Where ΣBL is defined as sum of historical covariance matrix and view based covariance
matrix MBL.
(5) 𝛴𝐵𝐿 = 𝛴 + 𝑀𝐵𝐿
Further, by Bayes theorem,
(6) 𝑝 𝜇 𝑄 = 𝑁 µ𝐵𝐿 , 𝑀𝐵𝐿
and µBL and MBL are defined as
(7) µ𝐵𝐿 = { 𝜏𝛴 −1 + 𝑃 ′ 𝛺−1 𝑃}−1 ∗ { 𝜏𝛴 −1 𝛱 + 𝑃 ′ 𝛺−1 𝑄}
And
(8) 𝑀𝐵𝐿 = { 𝜏𝛴 −1 + 𝑃 ′ 𝛺−1 𝑃}−1
From equations 4, 5 and 6, the resultant Black-Litterman Optimal Portfolio weights for risky
assets and one risk free asset in an intuitive unconstrained case are determined by the
equation:
(9) 𝑤 ∗ =

1
𝜆

𝛴𝐵𝐿

−1

µ𝐵𝐿
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As compared to classical Markowitz mean-variance model, the Bayesian model of BlackLitterman is forward looking and the weights of the assets in the resultant portfolio depends
not only on the sample return statistics but also on the expectations of the investors. He and
Litterman (1999) proved that the the Black-Litterman portfolio weights are weighted average
of equilibrium market weights and weight implied by view expected returns. By virtue of the
market weights being used as prior, the weights are stable and more implementable than
Markowitz's Mean Variance model.
Although the Black-Litterman model (referred to as BLM in this text) is devised to use
exogenous views, it is conducive to endogenous view conditioning as well. Here by
endogenous conditioning we mean that the views are not exogenous or out of the sample
information but critically developed expectation from the historical return data itself. Only a
few papers have dealt with the endogenous conditioning and that of Zhou (2009) and
Fabozzi, Focardi & Kolm (2006) are most notable. Zhou (2009) in his paper “Beyond BlackLitterman: letting the data speak” uses multiple priors based on historical data. On the other
hand Fabozzi, Focardi, Kolm (2006) use +1 and -1 for long and short positions in BLM
design matrix (P) to implement momentum strategy and find the BLM based portfolios to
outperform market index. There has not been any major study using endogenously
conditioned Black-Litterman model for Indian stock market data till date.
Objective
The objective of this paper is to create a framework through which asset mispricings can be
exploited and modelled into a portfolio. The conventional rank based method asks for a large
set of stocks under consideration and while they are elegant in finding the risk premium
pertaining to the mispricing effect, are not very conducive in implementing those in a trading
strategy. Here, we try to develop a model that can use a manageable number of assets to
provide superior returns than index, exploiting the anomalies to market efficiency.
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The concept of efficiency is a theoretical pillar of modern finance that has been common
assumption in developing seminal theories of finance. Starting with Bachelier (1900) and
reincarnated by Cootner (1964), Samuelson (1965), and Roberts (1967) to name a few, the
theory of efficient markets with randomly varying prices has been established by Fama
(1965, 1970) as the main proponent of efficient market hypothesis. The basic tenet of an
efficient market lies in the idea that one such will fail any attempt to generate sustained
extraordinary returns by trading on historical prices (weak form), other public information
(semi-strong form) or even private information (strong form). But since then a new wave of
literatures have flourished to find and to critique the market efficiency and equilibrium asset
pricing models with anomalies. The two main cases where market seems to depart from
equilibrium are short term overreaction and momentum. General wisdom touts Momentum
effect created by price persistence and positive feedback trading [3] over six to twelve month
period

[4]

as the more serious and robust violation of market efficiency than Short term

overreaction or contrarian strategy.
Since the seminal work of Cootner (1964) and Fama (1965), it has been an accepted
paradigm in Finance that individual stock returns exhibit negative serial auto correlation over
short horizons. Jagadeesh (1990) and Lehmann (1990) show that contrarian strategies that
buy losers and sell winners based on their return in short horizon of previous week to a month
generates excess returns. Further, it has been estimated that the abnormal profit out of
trading strategy exploiting such inefficiency can measure upto 2% per month

[5]

. Jagadeesh

(1990) argues that although there is proof of overreaction, it may represent lack of liquidity
and being transaction intensive, these strategies may not yield net return after transaction and
impact costs. Then again Jagadeesh & Titman in their 1995 paper on short horizon return
3

see DeLong, Shleifer, Summers & Waldman (1990) for positive feedback trading
See Jegadeesh and Titman (1993) for momentum portfolios
5
see Jagadeesh (1990), Lehmann(1990)
4
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reversal report negative and statistically significant serial covariances on an average for
cross-section of stocks from NYSE, for 3, 5, 7 and 10 days horizons. To make the case more
robust, the same pattern is observed for all size based quantile groups. They also find the
serial covariances to be more negative for same return measurement intervals of 3, 5, 7, 10
days and contrastingly closer to zero for 1 day interval during high volume periods.
Fama-French three factor model tries to account for the size and value effects but still the
mispricings remain at large. The literature thus suggests that even if the markets are efficient
in weak form and tend to be semi-strong form efficient for events like dividend, stock splits,
earnings announcements and secondary offerings as found by event studies

[6]

, there exists

anomalies of imperfect pricing due to following


Overreaction in short term and return reversal in short term of a week to a month
(contrarian effect).



Return persistence in medium term (momentum effect) lasting 6 to 12 months



Return reversal in longer term (more than an year, generally 3 to 5 years)

Newer theories of market microstructure that have started with Jack Treynor's article written
under pseudonym Bagehot (1971), throw some light on information propagation in the
market infested with informed and uninformed (noise) traders, lending some theoretical base
to asset mispricing. Later, Kyle (1985) formalizes the model by putting in three types of
traders: a single informed trader, several competing market makers, and uninformed noise
traders who transact randomly. Noise traders camouflage the activities of the informed trader,
whose transactions are organised in such a way that his private information is reflected
gradually in market prices.

6

see Ball and Brown (1968), Fama, Fisher, Jensen and Roll (1969), Scholes' (1972)
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Based on this theory we can hypothesize a model where the market moves from one
equilibrium to another, both of which are informationally efficient but it takes some time for
the market to reflect the information, that means there is a period between two equilibriums
where the market is not in equilibrium i.e. inefficient.
Grossman and Stiglitz (1980) observes that in a world with costly information, if markets are
perfectly efficient, there is no profit for gathering information, which will lead to a market
collapse due to lack of incentives to trade. Thus the informed traders will collect the profits as
“economic rents” for providing the information. Hence stable market equilibrium will arise
only when there are sufficient profit opportunities, i.e., inefficiencies, where more the
inefficiency, more the profit opportunity and more the traders will spend to gather
information.
Hence, the equilibrium points we hypothesized should also not be static but dynamic as well
as would be purely asset based micro equilibrium rather than a market wide common (macro)
equilibrium, so that there is always opportunity to trade in one or other stock. On rare
occasions in case a market wide macro equilibrium arises, the information propagation will
lead to such a rise or fall in market wide price levels that circuit breakers will kick in to
collapse the trading. So a market operates when there are several stocks traded with different
degrees of informational efficiency, so as to create enough cross trading opportunities. That is
why the mispricing can only be observed and for that matter exploited through a portfolio of
stocks rather than in a trading strategy involving a single stock.
Throughout the mainstream literature, short-term contrarian portfolios are quantile based (i.e.
rank based) with the weights of constituent assets either equally proportioned (equally
weighted) or proportioned according to their market capitalizations (value weighted). Further,
by their method of construction they successfully implement trading strategies only through

Page 10 of 48

portfolios that consider wide array of stocks. Black-Litterman Portfolio model (BLM), on the
contrary, provides an excellent base to find optimal portfolio weights, that are different from
equal or value weights in these scenarios because it can take into account conditional views
and their uncertainties along with historical returns. Thus, only if one can condition a view
vector to express the propensity of short-term overreaction with associated uncertainty, BLM
can generate Bayesian Portfolios that exploit short-term contrarian strategy. Here the term
endogenous conditioning emphasises that the views are generated only from past trading
data. Further in such portfolio as the weights are optimally assigned through optimization
formulae that can take into account the positions taken by a small set of stocks in risk-return
space compared to broad based market index, we hypothesize that the method should be able
to provide a methodology to create information conditioned small footprint portfolios,
suitable for investment and mutual funds.
Fabozzi, Focardi & Kolm (2006) discussed how to incorporate views from factor models.
They also incorporated momentum trading strategy into BLM framework but they only
assigned +1/-1 views into the BLM design matrix (P) for expected short / long positions and
went on to find the resultant portfolio based on views from historical mean return to be
superior to the control index.
The objective of this paper is to create and use endogenous views that are continuous rather
than discrete to emulate short-term contrarian strategies. The scope of study for this paper is
Indian Stock market (NSE) and only a limited number of large cap stocks are considered to
be constituent of the portfolios. Further according to our hypothesized a model of price
movements, as the number of stocks under consideration are limited and far less that the
width of the market, there are instances where all of the stocks under considerations are
overvalued or undervalued compared to the whole market. Thus, the sum of weights of stocks
need not necessarily be unity, implying that risk free asset is held and the portfolios find their
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place on CAL rather than on the efficient frontier. Hence, the model assigns weights by
taking into account the overreaction in individual stocks as well as the full set of constituents
stocks so as to create a resultant portfolio which is expected to show extraordinary returns by
means of market timing ability that arises from the model‟s capability to check if the set of
constituent stocks as a whole is overpriced or not and by assigning weights to risk free asset
accordingly. Due to use of market weighted risk premium as prior in BLM, the portfolios are
expected to track market index closely and to have less asset turnover at rebalancing points.
The main research question are:


Q1: Whether short-term contrarian based endogenous conditioned of Black-Litterman
model can generate excess return in outsample tests



Q2: Whether the excess return can be attributed to market timing ability



Q3: Whether the Black-Litterman model based short-term contrarian portfolio returns
are superior net of transaction costs



Q4: Whether the Black-Litterman model based portfolio returns net of transaction
costs are better than that of conventional short-term contrarian portfolios (rank basedrisk adjusted)

Thus, through this attempt we are trying to establish the superiority of BLM in forming
portfolios based on short-term contrarian trading strategy over conventional rank based risk
weighted portfolio emulating the same strategy.
Methodology
For using the Black-Litterman Model with Endogenous Conditioning, we need to assume the
factor model based on which the mispricing will be computed. Here we assume the „Fama
French Three Factor Model‟, to hold true over longer time horizon, whereas they may not
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hold true in short time horizons due to information asymmetry, overreactions and other
behavioural biases, leading us to form views on individual stocks under consideration.
Thus, if our K-factor model for any asset i is:
(10)

𝑅𝑖 = 𝛼𝑖 +

𝐾
𝑘=1 𝐹𝑘 𝛽𝑖𝑘

+ 𝜖𝑖

Which holds over a longer historical time period, denoted by longer sample (T) and is a true
long term equilibrium relationship, then if in a recent past small time sample t, the actual
returns observed are denoted by θi, then Qi as defined in equation 11, if positive, denotes the
overreaction (and under reaction if negative) of the stock in smaller time horizon t.
(11)

𝑄𝑖 = 𝜃𝑖 − 𝛼𝑖 −

𝐾
𝑘=1 𝐹𝑘 𝛽𝑖𝑘

In long term the equilibrium relation holds true, thus in proceeding small time horizon the Qi
will reverse. Simply put, here we assume that short & medium term departures from
equilibrium relation are possible but those will not persist in long term. Thus if there is an
overreaction in preceding small time sample t, then there will be reversal or
underperformance in the following small time sample t.
To create the continuously distributed endogenous views to feed into Black Litterman Model
we consider average of Qi as view for stock i and Variance of Qi as the view uncertainty
diagonal element both calculated over time period equal to view sample size (t).
Thus, short-term contrarian strategy, which is determined by return persistence over medium
term can be implemented by using t of an week to a month and using view with negative bias,
implying that the mispricing will 'reverse' in the proceeding period after which the portfolio is
rebalanced.
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By a rolling window sampling, a stipulated size T sample data is used to calculate the
equilibrium return statistics. The equilibrium model betas of each stock are calculated for the
sample size T. For a smaller sample size (t), data comprising the very last t trading days of
the estimation sample (T) is used to compute the extraordinary return enjoyed by the stock in
last t days based on the factor equilibrium betas of the particular stock over the chosen market
index, S&P CNX500. From here on in this paper, T is termed as Estimation Sample or Long
Sample and t is termed ad View Sample or Short Sample.
The long sample size to measure the equilibrium relationship is taken as 3years (750 trading
day data points). As for view sample size (t) 5, 10 and 20 trading days are used corresponding
to one week, two weeks and a month respectively. For confidence index τ we have used
inverse of equilibrium sample size (1/T) as per methodology used by Blamont And Firoozye
(2003), Rachev et al. (2008) and Brandt (2010).
As the „Fama French Three Factor Model‟ is used as the equilibrium model, Fama-French
HML and SMB factors have been computed

[7]

. Market width of largest 500 stocks that

comprise S&P CNX500 have been considered while computing Fama-French Factors. Any
more width is avoided because the loss of liquidity and market capitalization would have
been rapid after that [8].
The portfolios are generated with no constraint on sum of weights, implying that the risk free
asset will be held in weight (1-Σwi). Further, weights are not constrained to be positive. Thus,
the Black-Litterman model with endogenous conditioning creates a portfolio of risky assets
7

The risk premium of SMB factor is found to be negative contrary to findings in the US but
this anomaly is supported by findings of Agarwalla, Jacob, Varma (2013) in a larger sample
spanning over 1993-2012, which they reported in their IIM Ahmedabad working paper titled
"Four factor model in Indian equities market"
8

As on March 31, 2014, the CNX 500 Index represents about 97.00% of the free float market
capitalization of the stocks listed on NSE as well as 97.08% of the total traded value of NSE
for the last six months ending March 2014.
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and assigns a sum of weights wp = Σwi to the risky assets, leaving (1- wp) to be assigned to
the risk free asset. At any given rebalancing instant the resultant portfolio is lying on CAL
connecting Rf intercept to the tangency point on the 'Efficient BLM Portfolio' and differs
from the market portfolio.
This procedure has been repeated after a rebalancing period of N trading days, and the outsample returns of the Black-Litterman portfolios are contrasted with the market index.
Essentially the rebalancing periods are equal to View Sample size (N = t) based on the
methodology used in existing literature on short term overreaction. As measures of
comparison, beta, Treynor-Mazuy market timing beta, Sharpe ratio and annual tracking error
with respect to market index CNX500 are reported along with variance and quantile
measures.
Black-Litterman portfolio has an exogenous parameter λ that indicates the investors‟ risk
aversion. We have tried to see the effect of a changing risk aversion by modelling for λ=2.5
and 1 and reporting both set of data.
To perfectly capture the hypothesis of dynamic equilibriums, daily returns have been
considered. This is also a departure from formal line of literature that generally considers
monthly returns to gauge price anomalies. On one hand, with increased computing power, the
moderately higher frequency of data that provides chance to exploit the potential of BlackLitterman model in a better way, seems to be appropriate. But on the other hand, by using
daily data the analysis of results becomes difficult due to statistically non-existent mean daily
returns. Thus, for robustness tests both static subsample tests as well as dynamic subsampling
using bootstrapping simulation technique are adopted.
First set of Robustness test is done so as to verify whether this excess return exhibited by the
BLM portfolios over market are stable for subsamples as well.
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The main aim of this essay is to emphasize the superiority of endogenously conditioned BLM
over conventional approach to tap market imperfections in the way of forming trading
strategy based portfolios; hence the comparison between the two is inevitable. Further, as
Bayesian concepts are utilized, its additional cost (here more complex computing) over and
above the conventional short-term contrarian strategy has to be justified by better out-sample
performance.
Direct comparison is impossible as BLM portfolios are not zero cost (rupee neutral) while the
conventional rank based long-short contrarian (buy losers and sell winners on short term
basis) portfolios are. Thus, for each case we have compared the performance of two longshort conventional portfolios, namely '21 Long - 21 Short' and '10 Long - 10 Short' for a set
of 43 stocks under consideration with the zero cost (rupee neutral) portfolios formed by a
long position in BLM portfolios and shorting CNX500. The very benefit of BLM with market
weights as the informed prior is the stability of weights across rebalancing points. Thus to
compare with conventional long-short contrarian portfolios, transaction costs have been
calculated and only the net return is compared.
For the calculation of transaction cost, a round trip cost of unit trading equal to 12 basis
points is taken as standard

[9]

. Then the transaction cost for each rebalancing the portfolio is

calculated as:
′
(12) 𝐶𝑡𝑟𝑎𝑥 ,𝑡 = 𝑉𝑡 ∗ |𝜔𝑡−1
− 𝜔𝑡 | ∗ 𝛾

Where Ctrax is the transaction cost incurred in rebalancing at time point t, where the new
weights out of portfolio model is ωt , ω’t-1 is the portfolio weights evolved from (t-1) to t as
per the change in market and γ is the round trip transaction cost per unit transaction.

9

As done by Dunis and Ho (2005) for example.
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In addition to comparing the outsample returns straight away, a bootstrapping simulation
technique using blocks of 10 consecutive data points to account for any time series auto
correlations [10], and a Monte Carlo Technique that chooses random blocks with replacements
is adopted to generate 5000 simulated observations for each case, each thousand for holding
period of one to five years. This is necessary for this study because we have used daily data
and few consecutive extreme outlier observations can tilt the outcome in either side. They in
effect present the scenario: what will happen if this BLM based trading strategy is used for
creating and holding a portfolio for periods of 1 year to 5 years and replicated 1000 times
each, effectively simulating for 1000, 2000, 3000, 4000 and 5000 years, given the data
generating process remains same as what observed within the outsample period of 2008 to
2012? Now, with a sharp down trend in 2008 followed by a meteoric rise in 2009 and then
followed by a less volatile period, this outsample, we argue is a good representative for such
bootstrapping simulation.
Data Sources
All the data required to compute the „Fama French Factors‟ as well as the portfolios have
been collected from Bloomberg resources. Data from start of 2005 to 21st February 2013, a
total of 2021 return data points, have been used. The chosen set of stocks to constitute the
portfolio is NIFTY. Out the fifty largest cap stocks of NSE, forty three largest market cap
stocks based on survivor bias over the total period in study have been taken as the set of
stocks to constitute the portfolio.
Results
To implement short-term contrarian strategy through BLM framework, short sample periods
(t) as well as rebalancing periods of 5, 10 and 20 trading days, equivalent to one week, two

10

see Künsch (1989)
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weeks and a month have been used. The model is run without any cooling off period with
negatively conditioned view matrix. The negatively conditioned view matrix captures the
effect of excess return and by BLM assigns larger weights to stocks that have
underperformed in the last one week to a month so as to capture the short-term overreaction
and return reversal effect. For these contrarian portfolios the day effect is captured by shifting
the window by 1 to t-1 number of days to address robustness issues. Further to account for
the risk aversion factor of the investor each BLM portfolio model is run with λ=2.5 and 1.
Thus a total of 70 BLM portfolios have been created and results are reported.
When a short sample period (t) of 5 trading days, equivalent to an week, and rebalancing
period of 5 trading days are used to construct portfolios using a discussed methodology, in
the out-sample they do show excess return over broad based CNX500 as well as market cap
weighted paper index created from the same set of stocks. The result presented in table 1a for
„5day BLM contrarian λ=2.5‟ portfolios in table 1b for the same with λ =1. The excess return
for λ =2.5 portfolios vary roughly within the range 20% to 83% over the five year outsample
period, while the same for λ=1 portfolios is 61% to 211%. But the excess returns are not
stable across those 5 portfolios in both the tables and seem to be dependent heavily on the
„day of the week‟. Moreover, the excess return cannot be consistently (for all starting days)
attributed to either of Market timing or alpha with statistical significance.
With decrease of risk aversion by employing λ=1, the 5day BLM portfolios generate more
return at the expense of more risk but still the nature of extraordinary return is not consistent,
i.e. they can not be with confidence attributed to either or both alpha or/and market timing.
Further, the correlation of the BLM Portfolio returns with that of the market index CNX500
reduces from 0.87-0.91 for λ=2.5 to 0.60-0.71 for λ=1, while the annual tracking error more
than doubled from 10.5%-14.3% to 24%-34.7%.
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When we increase the view and rebalancing period to 10 trading days (equivalent to two
weeks), the excess return over index becomes range bound within roughly 24% to 30% over
the outsample period of 5 years for „10day BLM Contrarian λ=2.5‟ portfolios and within 55%
to 72% for the λ=1 portfolios. Despite the excess return the standard deviation exhibited by
the λ =2.5 portfolios are lesser than market index while the same for λ=1 portfolios
approximately equal that of market index. Beta for „10day BLM Contrarian‟ portfolios vary
between 0.926 and 0.956.
For 10 day λ=2.5 portfolios, the excess returns can be attributed to market timing ability
measure by Treynor-Mazuy methodology to high statistical significance and the correlations
are very stable over day offsets at roughly 97%. Further, the annual tracking error is small at
approximately 6.4% for all the portfolios. When risk aversion is decreased by making λ=1,
correlations with market index decrease to approximately 92% as the annual tracking errors
also increase roughly 10.5% on average. Also for some of „10day λ=1 portfolios‟, the excess
return can be attributed to statistically significant alpha in two out of ten cases where we can
see insignificance of market timing. The results are reported in table 2a for „10day λ=2.5
portfolios‟ and in table 2b for „10day λ =1 portfolios‟.
When a view sample period (t) of 20 trading days, equivalent to a month, and rebalancing
period of 20 trading days are used to construct portfolios using the discussed methodology,
again they show excess return over broad based CNX500 as well as market cap weighted
paper index created from the same set of stocks, with some 'day of the week' effect.
For „20day λ=2.5 portfolios‟ the excess returns can be consistently (for all starting days)
attributed to positive Market Timing ability (Treynor-Mazuy) with statistical significance. On
an average the gross over performance over market index is approximately 8% in the
outsample period of 1250 trading days (approximately 5 years), range bound within 4% to
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13% for different day offset portfolios. While the excess return over market index is small,
their beta is approximately 0.93 and average variance of the BLM portfolios are lesser than
that of market. Further the portfolios roughly has a correlation coefficient of 0.976 and does
track the market index extremely well with annual sum square tracking error of 5.6% over the
outsample period.
When for 20 days BLM portfolios λ is decreased to 1, some of the portfolios show lack of
market timing ability but the average excess return increases to 14% for full outsample period
of 5 years with a range 3% to 29%. Beta increases slightly to 0.95 and the rise in spite of
reduced correlation is due to increase in standard deviation. The annual tracking error also
increases to 7-7.3% for „20day λ=1 portfolios‟. This shows that while the contrarian nature
was captured the decrease in risk aversion factor increases the total risk associated. The
results for 20day BLM contrarian portfolios are presented in table 3a for λ=2.5 and 3b for
λ=1.
Thus, we can say that in the outsample of 5 years the BLM portfolios based on Short-term
Overreaction strategy could beat the broad based index without considering the transaction
cost and the success can be attributed chiefly to market timing ability and to alpha in some
stray cases.
From the portfolio outsample results we can say that endogenous conditioning in BLM
captures the desired mispricing effect but its robustness is still to be proved. We must
mention here that the need of an equilibrium model is only to form views we have run
different models to form views. When we use CAPM in place of 3factor Fama French model
the qualitative outcome remains the same. On the other hand if raw historical returns of last t
days is used directly to form views, the model can not capture the mispricing at all. We
attribute this to the functioning of BLM, where by using views we can only alter or tilt the
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BLM weights away by a small amount in either direction from the equilibrium market
weights. Presence of an equilibrium model analogously allows us to gauge the departure from
equilibrium returns. On the contrary, when we try to form views by using raw returns, we
discount the equilibrium return and equilibrium market weights and the model does not
capture the mispricing effects.
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For Robustness test, eight sub-samples along with the full sample data summary statistics as
well as regression coefficients are presented in table 4, 5 and 6 for 5day, 10day and 20day
contrarian BLM portfolios respectively with table names having suffix „a‟ for portfolio with
λ=2.5 and „b‟ for that with λ=1. Only the zero days offset BLM portfolios are presented for
brevity. „10day λ=1‟ portfolio outperforms CNX500 index in all subsamples while „10day
λ=2.5‟ portfolio out performs same market index in all subsamples except the one starting at
251st data point and extends upto 750th data point. For 5day and 20day cases, the notable
point is that all the three subsamples where market portfolio outperformed the BLM Portfolio
that starts from 251st trading day. The subsample actually has a period in 2009 where markets
rose astoundingly following the 2008 collapse. Notwithstanding, the Treynor-Mazuy Square
Beta coefficients denoting market timing ability are all positive and significant for „10day
λ=2.5‟, „20day λ=2.5‟, and „20day λ=1‟ portfolios, while for „10day λ=1‟ portfolio four out of
eight cases the market timing beta is significant at a level of 10% or lower.
The main aim of this essay, as discussed in the objectives and methodology sections is to
prove the BLM method of portfolio formation to be superior to conventional method of
portfolio formation in trading strategies exploiting mispricing. Thus, the comparison of the
BLM Contrarian portfolio with Conventional rank based Contrarian portfolio becomes
necessary. Now, because the BLM Contrarian portfolios are Long position portfolios while
the conventional Contrarian portfolios are zero cost (rupee neutral) long-short ones, to
compare them we need to form zero cost portfolios out of BLM portfolios by a long position
in BLM Contrarian portfolio with a short position in market index CNX500. Further, stable
weights as depicted in graph 3 being the strength of BLM portfolios it requires less portfolio
asset turnover at rebalancing points compared to conventional long-short contrarian
portfolios. Hence to compare them at level grounds, transaction costs have been calculated.
Graph 1 shows that while the gross return of Conventional portfolios are higher; they also
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attract far higher transaction costs and thus deliver a net of transaction cost return inferior to
BLM based portfolios. The performance of the portfolios over outsample period, net of
transaction costs, is shown in graph 2.
Graph 1 shows that although 5day contrarian zero cost portfolios exhibit higher gross retrun,
due to higher transaction costs their net return is in fact negative. This is consistent with the
findings of Jagadeesh (1990) that at this frequent rebalancing, short term overreaction may
not be robust and should fail to generate net (of transaction cost) profit. But in case of 10Day
view, contrarian long-short portfolios generate positive return. The effect of overreaction
tapers off by a month (20 trading days equivalent) but still the BLM based portfolios deliver
positive returns. In all the cases, in the full outsample BLM based portfolios exhibit higher
net return due to their lesser transaction costs.
Graph 2 shows that net of transaction costs BLM based portfolios are superior than
conventional rank based ones. Although in 5day view window contrarian strategy does not
work, 10day contrarian strategy is fruitful and generates healthy return especially for BLM
based ones with low volatility as well. 20day or 1 month contrarian strategy though generates
profit when the whole 5 year period is taken into consideration, it performs poorly when
market in Bull phase as depicted in 2nd year and early third year of the outsample
(corresponding to 2009 and early 2010). These graphs say that the BLM portfolios provide
steady returns than that of conventional portfolios over the entire outsample but the
subsample tests indicates that there has been few years where conventional zero cost longshort contrarian portfolios performed better that its BLM counterparts.
Graph 3 shows the weight dynamics of BLM and conventional short term contrarian
portfolios over rolling rebalancing periods. From the graphs it is clear that BLM based
portfolios require less churning and thus incur less transaction costs.
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Graph 1: Gross Retrun, Transaction costs and Net rerun comparison of ‘BLM Contrarian Long
CNX500 Short’ vs ‘Conventional Long-Short Contrarian’ Portfolios
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Graph 2: Portfolio value dynamics over outsample period of 5 years
Panel a: 5 day contrarian Portfolios

Panel b: 10 day contrarian Portfolios

Panel c: 20 day contrarian Portfolios

Panel d: Broad based S&P CNX500 Index
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Graph 3: Weight dynamics of BLM Contrarian 10D 20D and Conventional Contrarian 10D
20Dportfolios

Page 34 of 48

Here we argue that, because daily data have been used, and outsample only show a limited
period of testing, the static outsample test is inherently inefficient. Thus, rather than static
subsampling a bootstrapping simulation is done to present a fairer picture of the actual
performance. Thousand simulated observations for each portfolio holding period of one to
five years, corresponding to 250, 500, 750, 1000 and 1250 trading days according to the
methodology described above, are made and the results are presented in table 7 and the
distribution of holding period returns are shown in graph 4. For the dynamic subsampling by
blockwise bootstrap simulation, the 5day contrarian portfolios are not considered as by now
they have been proved not to deliver excess return net of transaction costs.
From results of the bootstrapping simulation presented in table 7 it is clear that the BLM
portfolio with λ=1 is the clear winner. Between the conventional portfolios of 10day view
case, „21Long-21Short‟ performs better than „10Long-10Short‟ while it is the opposite in
20day view scenario. BLM Portfolio with λ=2.5 offers lesser return than the better of
10Long-10Short portfolio and 21Long-21Short portfolio, but close inspection and the
distribution of simulated holding period returns reveals that by nature the λ=2.5 portfolio is
low risk low return portfolio having better risk adjusted return with the high risk high return
conventional counterpart. Hence the VaR of both the BLM portfolios are far better in all the
holding periods. Thus in those market conditions where market extraordinarily performs
rationally over a period of time and denies any extraordinary return in short-term
overreaction strategy, the BLM based portfolios will be better off absorbing the shock. In this
estimation of VaR, empirical distribution of holding period returns is used without any prior
assumptions of theoretical distribution.
The important implication from this table 7 is that we can reassuringly predict the BLM
portfolio to generate around 7% extraordinary return (for BLM Contra10 λ=1) over market
index per year and for larger holding periods the return is quite stable. For example when
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held for 4 years only 7.5% case the portfolio delivers a negative return with -4.56% as 95%
VaR and -18.46% as 99% VaR. When held for 5 years even better result is observed with
5.6% of loss making holding periods and 95% VaR estimate of -1.64% only and 99% VaR
estimate of -17.48%.
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Graph 4a: Kernel Density of holding period returns (left panel) and Empirical CDF of Sharpe Ratio
(right panel) for 10D Contrarian portfolios: bootstrap simulated for 250, 500, 750, 1000, & 1250
days holding period returns.

Page 37 of 48

Graph 4b: Kernel Density of holding period returns (left panel) and Empirical CDF of Sharpe Ratio
(right panel) for 20D Contrarian portfolios: bootstrap simulated for 250, 500, 750, 1000, & 1250
days holding period returns.
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The distribution of holding period return as presented in graph 4 has two vertical panels.
While the left one shows the distribution of different holding period returns, the right panel
shows the CDF of Sharpe ratios. Sharpe ratios essentially being Z-scores are normalized risk
adjusted measure of performance and thus it‟s CDF can be used to depict statistical
dominance, if any. Graph 4 shows that the BLM λ=1 portfolios dominate others statistically
for both 10day and 20day contrarian case. Also for the most part of the distribution BLM
λ=2.5 portfolios also dominate conventional rank based portfolios but this observation cannot
be termed as robust especially for 10day case.
Conclusions
The BLM portfolios generated to capture „Short-term Overreaction (contrarian) effect‟
consistently perform superiorly over market index and the Treynor-Mazuy market timing
ability remains positive and highly significant in most of the cases. In a week‟s horizon
although the effect is present it fails to generate profit net of transaction costs. Contrarian
portfolios work best in a two weeks‟ horizon. In a month‟s horizon the effect is present but to
a reduced amplitude. The portfolios exhibit high correlation with market index while having
fairly small tracking errors.
In the outsample stretching from February 2008 to February 2013 the zero cost (rupee
neutral) portfolios when constructed from long position in BLM portfolios and short position
in CNX500 performs better than conventional rank based long-short contrarian portfolios, net
of transaction costs. Although in all the static subsamples results are not always in favour of
the BLM portfolios, a dynamic subsampling using Bootstrapping simulation proves the
superiority of the BLM based portfolios over conventional rank based ones. In fact holding
period returns of 1 to 5 years for most BLM based portfolios statistically dominate their
conventional counterparts.

Page 39 of 48

This paper outlines a way to implement real life trading strategy exploiting the contrarian
effect. The results show that there is possibility of extraordinary return which can mainly be
attributed to the market timing ability that mutual funds fail to achieve consistently. It also
shows the stability of Black-Litterman portfolio weights, where without any constraints, the
weights of constituent assets are well within implementable limits.
Contrary to Fabozzi, Focardi, Kolm (2006), who found momentum strategy in BLM
framework to generate alpha by means of long-short portfolio, by construction of the
methodology, this study expectedly finds „Market Timing Ability‟ to be the driver of excess
return in short-term contrarian case. Further, decreasing the risk aversion of the investor
using a factor λ present in BLM tilts the portfolios toward a more return at the cost of more
risk scenario but still the properties of contrarian effect exploitation using endogenous
conditioning holds true.
A secondary observation obtained from the results is that both BLM based and conventional
long-short contrarian portfolios perform poorly bull periods of the markets while in bear
phases they perform particularly well. BLM based contrarian portfolios perform better in less
volatile market conditions.
The study does not account for non-normal distributions of stocks and thus operates well
within the accepted CAPM / Fama French Three Factor Model framework with assumptions
of Gaussian distribution of log returns.
Brennan, Chordia and Subrahmanyam (1998) found a significant negative relation between
average returns and recent past dollar trading volume. Thus we ran a model where recent past
volume innovations were multiplied with return innovations. This way we tried to capture the
impact of volume on return anomalies and termed it as „Volume Impact Loading‟. But that
failed to generate any significant improvement in results over the ones presented in this
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paper. Further, we used CAPM as equilibrium model to form views and in that case also the
qualitative outcomes of the study remain unchanged. Albeit when raw returns are used to
form views they don‟t match with the equilibrium concept of Black-Litterman model and can
not capture the mispricing effect.
The essence of this paper is to show that by endogenous conditioning of Black-Litterman
Portfolio Model, any trading strategy such as exploiting the short term overreaction and
correction anomaly (contrarian effect) can be created. Further, this method can deal with a
limited or small number of assets as well for which conventional rank based long-short
approach is inferior. Following Zhou (2009), using multiple prior any trading strategy goal
can thus be tried to achieve through this approach. This method can circumvent Roll‟s
critique as it is not forming a classical mean variance portfolio that mathematically leads to
CAPM. Thus, this Bayesian approach can be used to test CAPM and has the capacity to
replace the current paradigm of Classical Portfolio technique and unconditional equilibrium
models with Bayesian portfolio technique coupled with a conditional equilibrium model.
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