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incremental returns, then prices won't reflect under-
lying fundamentals, so it becomes easy to add value.

Enhanced index investing, which grew out of this
conundrum, focuses on a risk-controlled active manage-
ment strategy. Miller and Meckel describe enhanced index
investing as “[tracking] the index closely, and yet some
risk-controlled effort is made to add modest, reliable value
relative to the index.” Because enhanced index investing
does not rely on aggressive active management, its cost is
low compared to actively managed funds.

Two major styles of enhanced index investing are
security-level techniques and derivatives-based techniques (Hill
and Naviwala [1999] and Miller and Meckel [1999]). The
former is a long and short strategy, where fund managers
bet on long and short active positions. The second strategy
is based on derivatives. An example is an option writing
strategy; call options with strike prices set either at or
above current market levels are sold.

Both these strategies involve active management. That
is, they allocate a portion of the investment to passive man-
agement, and the remainder to active management, which
poses again the question that active management under-
performs in terms of market return, and that successful
stock-picking is mostly due to luck and is unsustainable
(Brown and Goetzmann [1995]; Elton, Gruber, and Blake
[1996]; Carhart [1997]).

Can we construct a passively managed enhanced
index fund without having to pay active attention to secu-
rities selection and market timing?

We address the problem by formulating enhanced
index investing as a dual-objective problem. We use goal
programming, which solves conflict decision problems, to
construct our enhanced index portfolio.

THEORY BACKGROUND

Modern portfolio selection theory began with
Markowitz [1952], who proposed the mean-variance
model for constructing portfolios. He suggests that an
optimal portfolio strategy can be achieved by minimizing
risk for a given level of expected return, or maximizing
expected return for a given level of risk. His model cap-
tures the risk aspect, and is solved by quadratic program-
ming. Quadratic programming can deal with an optimal
problem when only one objective is involved.

Instead of relying on the covariance terms needed
in quadratic programming, Sharpe [1967, 1971] uses
a linear objective function to approximate the quadratic
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objective function in constructing portfolios. Index funds,
whose major objective is to minimize tracking error, can
be constructed using this optimal method (Rudd [1980]
and Meade and Salkin [1989]).

Different fund products, however, usually have dif-
ferent objectives, which are often in conflict. Grinold
[1989] points out that maximizing value-added enhanced
index funds is equivalent to maximizing the information
ratio of the portfolio, i.e., the ratio of the active return to
the tracking error. Unlike pure passive indexing, which
has only one objective—to minimize tracking error—
enhanced index funds have two goals: to maximize excess
return (alpha), and to minimize excess risks at a controlled
level. Enhanced index investing is in fact a dual-objective
optimization problem, a trade-oft between maximizing
expected performance and minimizing tracking error.

Goal programming, first suggested by Charnes,
Cooper, and Ferguson [1955], and further developed by
[jiri [1965], can handle decision problems that involve
such conflicting multiple goals. Unlike linear program-
ming, which tries to maximize or minimize the object
criterion directly, goal programming seeks to minimize the
unwanted deviations from any single goal. This advan-
tage makes it useful in achieving the competing goals in
constructing funds with multiple objectives.

Lee and Lerro [1973], for example, use goal pro-
gramming in portfolio selection, which trades off objec-
tives between financial risk and inflation risk. Kumar,
Philippatos, and Ezzell [1978] use goal programming in
portfolio selection with goals that conflict, between
maximizing dividend income to their income shareholders
and maximizing capital appreciation to capital shareholders
to reduce their tax liability. Lai [1991] also applies goal
programming in a portfolio selection problem involving
multiple goals.

Enhanced index funds are designed with two objec-
tives, namely, maximizing expected performance and min-
imizing tracking error. Research shows that specifying
the level of active risk can affect the excess return. That
is, by establishing a certain level of tracking error in order
to achieve an optimal level of excess return, an optimal
information ratio can also be achieved. Gupta, Prajogi, and
Stubbs [1999] show that the optimal level of tracking error
to maximize the information ratio is 2% to 4%, while
Fabozzi, Gupta, and Markowitz [2002] say the optimal
level of tracking error is 1.75% to 3.00%.

Given this theoretical background, we formulate
the construction of an enhanced index fund as a dual-
objective goal programming problem, where the first
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objective is to constrain the tracking error to be lower
than 3%. The second objective is to maximize the port-
folio return for optimal portfolio performance.

DATA AND METHODOLOGY

We use daily data from the Taiwan stock market,
which listed 668 stocks as of the end of 2005. Stocks with
incomplete data in the period were discarded, so that
there were a total of 426 stocks after filtering.

The study period covers calendar years 2002-2005.
We chose this period because we wanted to avoid the
dramatic decline in 2000 and 2001 (see Exhibit 1).
Another reason is that the market cycle in that period
includes a bull market from January to April 2002, fol-
lowed by a bear market until November, and fairly lim-
ited movement from then to May 2003. Bull market
conditions returned, followed by another decline in market
activity between March 2004 and the end of 2005.
We use a sliding windows method
rather than static analysis to evaluate the

ExHIBIT 1
Taiwan Stock Market
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dynamic performance of each metric in each
test period. The advantage is that, unlike a
uni-test period for a uni-training period,
which makes the analysis discrete, a sliding
windows method can better demonstrate
the dynamic performance of the metrics in
the continuous test periods.

In each sliding window, a two-year
period of historical data is used for training,
followed by a three-month period for per-
formance testing (see Exhibit 2). For example,
the first training period is January 2002-
December 2003, and the test period is
January 2004-March 2004. The second per-
iod starts three months after the first period;
that is, the training period is April 1, 2002-
March 31, 2004, and the test period is April
2004-June 2004.

EXHIBIT 2
Data Periods
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To maximize the portfolio’s performance, i.e., the
information ratio or the ratio of the return over the risk,
we use goal programming for the dual-criterion decision
problem to maximize the rate of return and to minimize
the tracking error. The central idea of goal programming
is to set goals, and to minimize the deviation between the
goals and the outcomes. If all deviations can be reduced
to zero, all the goals will be achieved. In order to mini-
mize either under- or overachievement of a goal, a devi-
ational variable 4 is assigned to the goal.

The objective function Z can be written in the form:

k
Minimize Z = ;(d,- ,dh) 1)
st g(x)+d] +d] =v, (2)
d7 xd =0 )
4 =20,d" 20 “

where (1) states that Z is a function of the unwanted
deviation variables, i.e., it is the sum of the deviations of
all decision goals; d. represents the extent of under-
achievement of targets; and d;" represents the extent of
overachievement of targets. Thus, minimizing the
unwanted deviations as much as possible means that the
target value is approximately achieved. The number of
goals is from 1 to k. A first-priority goal must be achieved
before a second-priority goal. Z is minimized once all
goals have been achieved in sequence.

Equation (2) states that, in each single goal, v,
represents the target value to be achieved for goal g.
Equation (3) states that the deviations are either under-
achievement or overachievement of goal targets. Equation
(4) states that both d; and d" are greater than 0.

In constructing the enhanced portfolio, we have to
achieve two objectives: to maximize the return, with the
tracking error constraint. Following Gupta, Prajogi, and
Stubbs [1999], we set the target value for the tracking
error at 3%. The target value for rate of return is 7%, fol-
lowing the government’s regulation that stocks are lim-
ited to a 7% price movement in Taiwan’s stock market:

E Tx; +t; —t; =0.03 (target value for tracking error)  (5)
2 Rix; +1t; —t; =0.07 (target value for rate of return) (6)
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subject to:
E x; =1 (7)
ot 20 ®)
where:

T’ tracking error of each stock;

x;: weight of each stock invested; a total of 1;

R expected rate of return of each stock

We use three performance measures: the tracking
error, the excess return, and the information ratio.

Tracking Error

The tracking error measures the deviation of the
portfolio’s return compared to the market return. In its
standard deviation form, the tracking error is defined as
the return difference between a portfolio and the market
(Meade and Salkin [1990]).

The formula for tracking error is as follows:

TE =

1 n
1 E (funds = Fodene)’ )

h=14

where TE is the tracking error at time £ n is the number

of periods; r, . is the rate of return of the replicating
. Sund.t .

portfolio at time £ and 7, , is the rate of return of the

market at time £.

Excess Return (alpha)

Excess return is defined as the difference between
the portfolio return and the market return.

Information Ratio

The information ratio is defined as the portfolio’s
active return (alpha) divided by the portfolio’s active risk
(Israelsen [2005]):

Active Return (alpha)
Tracking Error

Information Ratio =

(10)

EMPIRICAL RESULTS

The results for the quarterly rate of return are shown
in Exhibit 3. The index fund product P is used for com-
parison. P is the only index fund product in Taiwan; there
is no enhanced index fund in Taiwan. The average number
of stocks P held in 2005 was 323.
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Like P, our portfolio tracks the Taiwan weighted
average stock price index. It tracks the index with a hybrid
of a sampling method and an optimal method; that is, it
chooses a portfolio from the entire Taiwan stock market
of 668 stocks, and uses the optimal method to minimize
the tracking error.

Product P also keeps a small balance for active man-
agement to enhance the investor’ return. In a sense, P is
a little like an enhanced index fund product. Its average

market value was NTD 1.3 billion; it debuted on
September 17, 2005.

In Exhibit 3, the excess return of our portfolio is posi-
tive for six of the eight periods, while the return of product
P exhibits a stable negative excess return. To demonstrate
how we construct the portfolio by goal programming,
we plot the rate of return of the best-performing stock
of the 668 stocks in each period.

Since the return of the constructed portfolio is
the weighted average of all selected stocks, and there is
a trade-off between the constraint on the tracking error and
the maximized return, the return rate of the

ExXHIBIT 3

Quarterly Rates of Return of Best-Performing Stocks,
Market, Our Portfolio, and Product P

portfolio cannot exceed the constraint line,
i.e., the top line in Exhibit 3, which rep-
resents the best-performing stocks in each
period. The constraint line shows why the

return of the constructed portfolio and of
the market was lower than 1% in these

3.0%
2.5%
2.0%
1.5%

1.0%

Rate of Return

0.5%
0.0%

-0.5%
Period

| -o- Best Stocks - Market —— Our portfolio -+ Product P

periods; the return of the constructed port-
folio moves within the constraint line and
the market return line.

To determine whether the excess return
of the constructed portfolio is significantly
greater than zero, we use the paired t-test.
The statistic shows that the p-value equals
0.017 at the 95% confidence level, which
indicates that the return of the constructed
portfolio is significantly greater than the
market return.

Details on the number of stocks in

EXHIBIT 4
Comparison of Quarterly Tracking Error

| ~ -+ -~ Our portfolio ——'—Producti]

Tracking Error
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product P and the constructed portfolio are
given in Appendix A. The summary of sta-
tistics on selected stocks based on our pro-
posed model is given in Appendix B.

In our portfolio, the tracking error
varies from 0.6% to 2.9% (see Exhibit 4),
because of the inherent nature of goal pro-
gramming. Since our goal is both to mini-
mize the tracking error and to maximize
the portfolio’s return, the number of stocks
selected for our portfolio varies depending
on the performance of different stocks in
each period. The tracking error is influ-
enced by the number of stocks selected, and
the twofold goal.

Nonetheless, our tracking error is well
below the 3% constraint. Six of the eight
values show quite low tracking error—
below 2%—and the lowest is actually 0.6%.
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The information ratio is the most important mea-
surement for enhanced index funds. Exhibit 5 gives an
analysis of this ratio on a quarterly basis. Our portfolio out-
performs product P, which is unstable and shows a neg-
ative ratio on average. The drop in the IR for product P
occurs because of the combined effect of a larger numer-
ator and a rather small denominator. In Exhibit 3, product
P’s below-par performance occurs in periods 3 and 5, and

is magnified by the denominator, especially when the

denominator is between 0 and 1.

Our portfolio generates a stable information ratio, as
shown by its positive information ratio for six of the eight
periods, demonstrating that value is added to

[2004] suggest a possible approach to exploring the
risk/reward trade-off using some form of ex ante active
forecasting skills. We could impose some “skill” in stock
selection, such as the information coefficient (IC) or the
hit rate, before weighting selected stocks to enhance the ex
post return, and then compare the performance of enhanced
index products. Practitioners might prefer an enhanced
index portfolio with a few stocks, to obtain stable port-
folio performance. Program-based procedures could be
used to automate the computations.

the fund. Lam and Lee [2005] note that
“a manager is said to have outperformed if
portfolio returns are higher than benchmark
returns, and if the manager has delivered
a positive information ratio.” Kritzman
and Page [2004] note that an information

ratio of 0.50 is considered very high for a Y
stock-picker. o 05
Exhibits 3, 4, and 5 show the relations E 1
among the rate of return, the tracking error, § 45
and the information ratio. Goal program- ‘g ’
ming achieves the maximum return (the 5 2
numerator in the information ratio mea- = 25
sure) and the minimum tracking error (the -3
denominator in the information ratio 35

measure) in enhanced index funds, and bal-

0.5 e

EXHIBIT 5
Comparison of Quarterly Information Ratio

| ~+ Our portfolio —=— Product P

ances the return and the tracking error,
thereby yielding stable information ratios.

APPENDIX A
Model Performance

CONCLUSION

We propose a new approach to enhan-

ced index investing that is based on a goal !
programming method. We formulate the
construction of an enhanced index fund as
a dual-goal problem. We manage the trade- 3
off between active risk (tracking error) and
active return (alpha). The results show
improved performance in both the stability
of excess return and the information ratio
over the only enhanced indexing product 6
in the current Taiwan financial market.

It would be interesting to examine the
use of goal programming in different markets 8
and different time periods. Sorensen et al.
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4 Number of ~ Market Portfolio Tracking Error Informjation
Period Stocks Return Return Ratio
13 0.001886 0.007441 0.023486 0.236507
2 14 0.00152 0.00257 0.009095 -0.11491
11 8.1E-05 0.001608 0.011561 0.132133
4 15 0.0008 0.001052 0.006384 0.039479
5 10 0.000745 0.003284 0.016709 0.151989
10 0.000646 0.000265 0.01681 0.02264
7 9 0.000574 0.003223 0.018778 0.141066
6 0.001106 0.006951 0.029605 0.197431
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APPENDIX B
Summary of Statistics on Selected Stocks

Period 1 2 3 4 5 6 7 8

Number Code Proportion Code Proportion Code Proportion Code Proportion Code Proportion Code Proportion Code Proportion Code Proportion
1 2353 0.098 2330 0.093 1102 0.100 2385  0.053 2376 0.011 2361 0.010 2361 0.024 2331 0.024
2 2331 0.051 2313 0.024 2388 0.084 2382 0.133 2369 0.067 2359 0.053 2354 0.157 2029 0.005
3 2325 0.115 2301 0.077 2850 0.011 2359 0.051 2105 0.025 2007 0.045 2337 0.045 1319 0.003
4 2324 0.052 1730 0.078 8008 0.031 2325 0.071 1101 0.170 9924 0.153 1312 0.001 1101 0.005
5 2014 0.304 1729 0.007 2325 0.077 2014 0.023 6166 0.055 6133 0.000 6142 0.004 2605 0.007
6 1905 0.006 1459 0.013 2313 0.065 1722 0.041 3007 0.130 3032 0022 3051 0.037 2498 0.956
7 1325 0.077 1102 0.061 2303 0.084 1467 0.062 2811 0.055 2811 0.022 2887 0.123
8 1101 0.086 5534 0.042 2606 0.062 1301 0113 2610 0.009 2547 0.064 2548 0.566
9 2912 0.053 3037 0.021 2542 0.325 1101 0.108 2542 0.404 2542 0.560 2498 0.044
10 2606 0.057 2850 0.033 2485 0.047 9912 0.033 2437 0.074 2485 0.017
11 2461 0.044 2606 0.358 1323 0.114 5525 0.048
12 2439 0.027 2514 0.033 2825 0.081
13 2421 0.029 2475 0.053 2618 0.002
14 2411 0.107 2542 0.154
15 2437 0.027
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INVESTMENT STRATEGIES

GATHERING IMPLICIT ALPHAS
IN A BETA WORLD 10

MARTIN LEIBOWITZ AND ANTHONY BOVA

Most U.S. institutional portfolios have surprisingly similar betas
and similar overall volatilities. Beta assumes an implicit beta
for each asset class that is based on its co-movement with U.S.
equities. This “total beta exposure™ to equities, as the primary
risk factor in most portfolios, accounts for 90% or more of
volatility even in highly diversified funds with a low explicit
allocation to equities. The implicit beta values determine cor-
responding implicit alphas that can add to expected fund
return and yet have a minimal impact on total fund volatility.
These implicit alphas are passive, in that there is no presump-
tion of a positive outcome from direct active investment.
Unlike the zero-sum active alphas that presume superior
investment skill and must be “hunted,” the implicit alphas are
passive and non-zero-sum in nature, and rather can be “gath-
ered” through the allocation process.

VALUE AND GROWTH, THEORY
AND PRACTICE 22

JOHN S. BRUSH

The definition of value-based investing is widely accepted
by both academics and practitioners, but there is confusion
and disagreement as to the definition of growth-based invest-
ing. There is some statistical support for generic value and
growth multifactor ranking models. Given different holding-
period sensitivities of alpha potential for value and growth,
there appear to be two ways to exploit the two styles: the
typical combining of pure styles in a portfolio, or the less
widely recognized use of a combined value/growth model.
One important conclusion is that active style exploitation
of alpha is inherently incompatible with capitalization-
weighted benchmarks.

PORTFOLIO CONSTRUCTION

OprTIMAL EXECUTION
FOR PORTFOLIO TRANSITIONS 33

MARK KRITZMAN, SIMON MYRGREN,
AND SEBASTIEN PAGE

4 THE JOURNAL OF PORTFOLIO MANAGEMENT

VOLUME 33 NO. 3

Institutional investors periodically reallocate portfolios to shift
the asset mix or change investment managers. These transi-
tions are subject to a variety of costs, including commissions,
opportunity cost,and market impact. Opportunity cost refers
to adverse changes in price arising from exogenous market
forces; market impact refers to adverse price movements that
occur in response to the purchase and sale of securities.
Opportunity cost and market impact costs represent the great-
est share of transition costs, and investors influence these costs
by how they trade. An algorithm may be used to determine
the optimal sequence and size of trades that minimize oppor-
tunity cost for portfolio transitions, provided that the trades
are self-financing. Trades may be partitioned into smaller units
to minimize market impact. This algorithm compares favor-
ably to the industry norm, which is to minimize sector dif-
ferences as a transition unfolds.

RoOBUST PORTFOLIO OPTIMIZATION 40

FRANK J. FABOZZI, PETTER N. KOLM,
DESSISLAVA A. PACHAMANOVA,
AND SERGIO M. FOCARDI

As quantitative techniques have become commonplace in the
investment industry, the mitigation of estimation and model
risk in portfolio management has grown in importance.
Robust optimization, which incorporates estimation error
directly into the portfolio optimization process, is typically
used with conventional robust statistical estimation methods.

This perspective on the robust optimization approach reviews
useful practical extensions and discusses potential applications
for robust portfolio optimization.

ENHANCED INDEX INVESTING
BASED ON GOAL PROGRAMMING 49

LIANG-CHUAN WU, SENG-CHO CHOU, CHAU-
CHENYANG,AND CHORNG-SHYONG ONG

Enhanced index investing involves tracking a benchmark
index closely and using risk-controlled strategies to add mod-
est value to the index.The typical approaches to construction
of such portfolios involve subjective management judg-
ments. A new approach to enhanced indexing instead for-
mulates the problem as a dual-criteria goal programming
problem. Unlike the traditional approaches, which require
a fund manager to buy and sell stocks actively in order to
improve returns, the proposed approach is based on the pas-
sive management of a small number of stocks. Empirical
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results from tests in the Taiwan stock market suggest the new
approach incurs lower transaction costs and produces sustain-
able risk-controlled enhanced returns.

THE PROFESSION

DOES SizE MATTER? 57
GREGORYC.ALLEN

Total assets under management, or AUM in industry parlance,
represents a prime criterion in virtually every manager
search a large institutional investor undertakes today. Managers
are typically required to have a minimum level of AUM to
be considered in the early stages of any search process—
institutional investors face so many agency risks that they usu-
ally conclude there is safety in higher numbers. This analysis
of the historical impact of portfolio size on the performance
of institutional asset management products uses a robust data-
base of approximately 5,000 products that includes all the
major public markets asset classes typically used by institu-
tional investors. Accounting for both survivorship bias and
backfill bias, the results indicate portfolio size has had a per-
vasive negative impact on performance across almost all the
asset classes examined. Not surprisingly, the more illiquid asset
classes (small-cap equities and high-yield bonds) have been
the most negatively impacted by portfolio size.

PuTTING ECONOMICS (BACK)
INTO QUANTITATIVE MODELS 63

VINEER BHANSALI

Models devoid of strong economic underpinnings are sel-
dom useful for practical real-world investment decisions.
Models that differ in subtle ways in their underlying assump-
tions yield significantly conflicting results. Ignoring the fun-
damental relation between demand and supply dynamics can
produce results that fail to hold in actual markets, and that
often give but false comfort in risk measurement systems and
inaccurate valuations. A parsimonious model of the term
structure can incorporate economics without sacrificing
theoretical rigor. Its risk-neutral term structure model para-
meters have a strong basis in widely followed macroeconomic
variables, enabling extension to other markets such as the
credit market.
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