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Robust Strategies for Quantitative
Investment Management
G. Bassett, G. Gerber and P. Rocco
Abstract. We show how quantile estimation combined with robust methods
can be used in quantitative investment management. A portfolio manager
uses a quantitative model to select securities. The objective is to outperform
a benchmark portfolio, subject to risk constraints. Traditional stock selection
models express expected returns as a function of factors where all parts of the
return distribution are affected similarly. This is subsumed by the quantile
approach in which a stock's entire return distribution is a conditional function
of factors. Robust methods insure that our estimates do not depend on a small
subset of the data. Regression quantile estimates then detect the potentially
different impact of factors at the center and tails of the return distribution.
This is illustrated in assessing a model's forecasting accuracy while controlling
for return differences between economic sectors. We are thereby able to detect
forecasting properties that would have been missed by a conventional analysis
of the data.
Mathematics Subject Classification (2000). Primary 9IB28; Secondary 62G35.
Keywords. Quantitative portfolio management, robust models, quantile regression.

1. Introduction
We illustrate how the combination of robust and quantile-based methods can improve quantitative investment management strategies. A portfolio manager uses
a quantitative model to select securities in the context of a systematic and disciplined approach to asset valuation and investing. The objective is to build and
then periodically rebalance a portfolio so that, subject to risk constraints, it outperforms a benchmark portfolio. The risk constraints limit expected deviations
between the portfolio and benchmark returns. Asset selection is based on a multivariate model that exploits "anomalies" in which stocks' risk-adjusted returns
above a benchmark (residual returns) are associated with various characteristics
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of particular stocks. These characteristics (e.g., PIE ratios and earnings growth
rates) are termed "factors". Among the best-known anomalies are those associated
with value and small capitalization stocks, and market reaction to revised earnings
estimates. (The literature in finance on such anomalies is quite vast. Extended discussions are provided in Fama and French, 1992, DeBondt and Thaler, 1985, and
Lakonishok et al., 1994.)
Quantitative methods in investment management utilize very large data sets.
Historical databases with daily returns and firm characteristics for thousands of
companies going back many years are used to develop and backtest models. Updated data is used for diagnostics, factor attribution, and periodic revision of
portfolio weights. The large amount of data means it is difficult and costly to
eliminate mistakes or detect correct, but influential, observations. Mistakes arise
because of transcription errors, changed ticker symbols, unrecorded stock splits,
and so on. Extreme observations occur for the stocks of the formerly exuberant
New Economy as well as more recently for companies using the latest accounting
"innovations" .
The consequences of data outliers are well known: only a few discrepant observations have a huge impact on standard estimation methods. The methods are
tricked because they are extremely sensitive to only a few deviant observations
- they are not robust. Robust data analysis produces estimates that are determined by the bulk of the data without undue influence by a few observations;
see Rousseeuw (1984) and Koenker (1982). Knowing that estimates are based on
the bulk of the data is advantageous for model development. It signals important
determinants of returns that otherwise would be obscured by a few discrepant observations. Conversely, factors deemed important because of only a few influential
observations are revealed by robust estimates as lacking explanatory power for the
bulk of the data. Hence, robustness is important for investment management because of the existence of outliers in very large databases together with the lack of
robustness of standard methods. The importance of robustness is magnified by the
fact that quantitative models are often used to select a relatively limited number
of stocks; mistakes can be costly.
Investment valuation models are also characterized by very low signal-to-noise
ratios. Finding factors that correctly signal even slight departures, on average, from
market returns can be quite profitable even when departures from the average
are large. The signal provides the basis for a portfolio manager's ability to earn
excess returns while the noise means there can be large deviations between actual
and expected returns. Some of the deviation can be diversified away by exploiting
independence and negative correlations. The sheer magnitude of the noise however
means that portfolios with a large number of stocks still have high model risk.
Further, signal strength varies over time thus requiring frequent rebalancing and
hence large transaction costs for large portfolios. As a result of high noise, portfolio
returns are subject to potentially large departures from what is predicted by the
signal. This leads to consideration of how factors affect the tails of the return
distribution.
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The traditional framework for the robust approach has been a data generating
process with a few gross errors from a "true" primary model. The objective is to
estimate the central tendency of the main model, without undue influence by a
few outlying, discrepant, observations. In our case the primary model specifies the
relation between expected returns and other variables. Features of the distribution
at places other than the expected value, however, are of critical importance. Rather
than "mistakes" the deviations are (or, at least can be) functions of the same
factors that determine central tendency. Hence, we want to allow factors that
determine central tendency to also affect the tails of the return distribution. Factors
that may have no influence on expected returns cannot be ruled out as important
in forecasting other parts of the return distribution. Alternatively, factors that do
influence the center can have different effects in the tails.
This leads to our data analysis that combines robust and quantile methods. For an overview of quantile modelling, see Koenker and Hallock (2001). The
combination is useful for quantitative investment because there are influential observations in our large data sets, and because there are quantile effects in which
models work differently in the tails and in the central region of the return distribution. The quantile approach therefore provides information about how factors
affect the entire return distribution, not just central tendency. The standard model
in which quantile effects are constant is nested in the quantile model. While the
traditional approach has factors affecting the mean and other parts of the return
distribution equally, the more comprehensive quantile approach allows differences
to be detected.
We have used this approach in the development, assessment, and calibration
of investment strategies. In this paper we focus on how the quantile-based, robust
approach can be used to assess potential modifications of a stock selection model.
Section 2 explains how the stock selection model fits into the overall investment
process. The selection model itself is estimated using robust methods. Section 3
presents an assessment of predictive ability based on expected values, the usual
criterion in the investment management field. It also indicates our enhancement in
which the entire conditional return distribution is considered. Section 4 presents
regression quantile estimates of the relation between actual and predicted returns
where we control for sector effects. Section 5 discusses results and indicates further
enhancements using the robust-quantile approach.

2. Overview of the Investment Process
The investment process can be divided into four interrelated stages. In the first
stage, a portfolio manager identifies an investment universe from which individual
stocks will be ranked and evaluated for inclusion in a portfolio. The investment universe is typically designed to client specifications; it might consist of constituents
in a broad-market index or stocks in a specific range of market values. The universe
for our illustration consists of the largest 1000 stocks (by market value) in the U.S.
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In the next stage, the manager identifies a benchmark portfolio of stocks
(often an index). In the investment management industry the benchmark plays
two roles. It sets the target rate of return that a portfolio seeks to exceed. For our
illustration the benchmark is the S&P 500 so that the manager seeks to maximize
returns relative to the S&P 500 index.
The benchmark also serves as the reference point for defining the extent to
which a portfolio can differ from the benchmark. A client will typically specify a
constraint that limits deviations between portfolio (Pt) and benchmark (Bt) returns during period t. This constraint, known as "tracking error", is defined as (an
estimate of) the standard deviation of Pt - B t . It is denoted by T E (Ph B t ) and is
required to stay below a prespecified value. Tracking error is typically estimated
using industry-standard risk models supplied by vendors. The benchmark therefore sets the target rate against which performance is judged, and constrains the
expected difference between Pt and B t .
Let Pt denote portfolio returns for period t where Pt = LiEU Wi,tRi,t with
U denoting the investment universe, Wi,t the weight on stock i at time t, and Ri,t
the return to stock i during period t. The manager's objective is to select weights
Wi,t to maximize to the difference between Pt and B t subject to T E(Pt , B t ) < x.
The third stage in the process makes use of a selection model to determine
the relative weight of stocks in the managed portfolio. Our analysis is based on a
multi-factor model that assigns a so-called "alpha" -score, ai,t+l, to each stock i
which serves as a forecast of a stock's relative residual return in month t + 1. A
linear-model for the score ai,t may be represented as,
(2.1)
where Fj,i,t is the exposure of factor j for stock i at the end of period t, and bj,tH
is the "weight" on factor j during period t + 1. Typical factors might include wellknown financial ratios (e.g., E/P), measures of earnings growth and dispersion, and
past price movements. The model "weights", bj,t+l, are computed using historical
data on factors and returns. Robust and quantile methods are used at this stage of
the investment process to control for outliers, and assess quantile effects in the way
factors influence returns; estimators include least median of squares, least absolute
deviations, and regression quantiles; see Rousseeuw (1984), Bassett and Koenker
(1978), and Koenker and Bassett (1978).
The weights, bj,Hl, are estimated based on data known at time t and then
updated to reflect the success of the associated factors in forecasting returns. The
a-values are generally in the range -2 to 2. Note that the range of a-values is
limited because extreme factor values are trimmed or Winsorized, see Grinold and
Kahn (2000, p. 382). For our assessment, we have a sequence of ai,t for i=l to 1000
and t each month from January 1991 to September 2002. The goal is to assess the
ability of the model to discriminate between the stocks in the investment universe
with respect to future returns.
The final stage of the process consists of constructing a portfolio by maximizing the "alpha" of the portfolio subject to the risk constraint associated with the
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FIGURE

benchmark portfolio and turnover considerations. The process of buying and selling of stocks to adjust the holdings in the managed portfolio entails costs. As such,
there is a trade-off between capturing the signals from the valuation model and
paying the turnover costs. Note that this process reflects a setting in which only
purchases of stocks is permitted. The issues involved when purchases and sales of
borrowed stocks (shorts) are permitted is more complex (see Gerber, 1996).

3. Assessing Model Performance
3.1. Conditional Expectation

As indicated, our analysis is based on a's generated for each of approximately 1000
stocks for each month from January 1991 to September 2002.
The weights on each factor, bj , vary over time depending on the recent performance of the factor. The method used to generate factor weights is similar to
that employed in other stock selection models we have investigated. Backtests of
models are typically based on the ability of a to forecast one-month ahead returns. For example, Figure 1 shows average residual monthly return associated
with portfolios created by sorting stocks into deciles based on a-score. The graph
shows stocks in the top a decile had an average monthly residual return of 1.1 %
while the stocks in the lowest decile had returns of -0.7% over the entire period.
Gross returns (exclusive of transactions cost) from a strategy of buying the
stocks in decile 10 and shorting those in decile 1 would have produced an average
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monthly gain of 1.8%. The nice "step-ladder" pattern in the graph indicates the
valuation model is able to discriminate among stocks based on future expected
returns. While the a's are suggestive of a profitable portfolio strategy, further
analysis would need to consider transaction costs. Further, the returns pictured
in Figure 1 do not account for the tracking error. The positive returns associated
with a, for example, might be concentrated in only a few sectors and hence entail
large tracking error. If the highest a's tended to concentrate in, say, Technology,
then a portfolio tilted toward large a would be heavily exposed to Technology and
subject to large deviations from the overall market.
3.2. Conditional Distribution

A more complete picture of model performance that is motivated by our concern
about the entire return distribution is depicted in Figure 2. It shows residual returns at each a decile. The average return in the previous figure is indicated by
EO. The picture shows returns tend to increase with a decile, but it also shows a
very wide distribution around the central tendency. Further, the conditional distributions at each a decile are not just location shifts of one another. For example,
we see that the Q(.9) part of the distribution tends to increase with a, but at
low a deciles the function is actually decreasing. This means that the top end
of the return distribution decreases in a move from a decile 1 to 2, contrary to
what occurs in the center of the distribution. In a similar fashion, Q(.l) decreases
at high a. Shifting a portfolio into higher a stocks increases average returns, but
decreases returns in the lower tail.

4. Estimating Conditional Quantile Effects
In this section we present regression quantile estimates of the relation between a
and one-month ahead actual excess returns. Our model controls for sector effects
with sector dummy variables corresponding to the 15 economic sectors in the 1000
stock universe. The model for returns is,
Q(8 I s, a) =

a s (8)S

+ (3(8)a

(4.1)

where Q(8 I s, a) is 8th quantile of the return distribution conditional on the
stock's sector and a score, S is an indicator for the stock's sector, as is the sector
coefficient, a is the stock's "alpha", and (3((}) is the regression quantile coefficient.
The model is estimated separately for a > 0 and a < O. This provides
separate (3(8) estimates for stocks predicted to outperform the market (a > 0)
and those predicted to underperform the market (a < 0).
Graphical versions of the estimates are presented in Figures 3 and 4. Quantile
regression coefficients as a function of the 8th quantile for a > 0 (Figure 3) and
a < 0 (Figure 4) are shown. The horizontal lines in Figure 3 depict the least
squares estimate and confidence bounds. It shows a positive and constant relation
between predicted and actual excess returns. The estimates indicate that for a > 0
expected excess returns are an increasing function of a, after controlling for sector
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FIGURE 2. Quantile residual returns by

0:

decile.

effects. The figure also shows, however, there are quantile effects: after controlling
for sector affects the impact of 0: on excess returns is not the same throughout
the return distribution. Compared to the effect at the mean the impact of 0: on
returns in the upper tail is even more powerful. At the lower quantiles the effect
diminishes and at the lowest part of the distribution actually becomes negative. A
negative coefficient means that as 0: increases the associated quantile of the return
distribution decreases, contrary to how we would want the model to perform.
The situation for 0: < 0 is shown in Figure 4. The coefficient at the expected
value is positive but smaller than for 0: > O. The expected average performance
of the model is good for all 0:, but better for the stocks that are predicted to
outperform the market (0: > 0). But there are again quantile effects; high quantile
parts of the distribution show a negative association between alpha and returns.
Figure 5 presents the same results, but in "data space" . It shows returns as a
function of 0: controlling for the separate sector intercepts included in the model.
There is a positive relation between expected and forecast returns. There is still a
low signal-to-noise ratio, which is evidenced by the wide range of conditional quantiles. Since we are controlling for sectors the low signal-to-noise evident in Figure 2
is not due to return differences between sectors. The Figure 5 also shows the poor
performance of 0: in the lower tails for 0: > 0, and in the upper tails for 0: < O. The
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FIGURE 3. Regression quantile and least squares, EO, estimates
for residual returns for ex > 0, controlling for sector effects.
results raise the question of whether this poor performance might be improved by
including additional explanatory variables in our quantile specification, a topic to
be explored in further research.

5. Discussion
In spite of their advantages, robust methods have not been widely used in quantitative finance. Like other areas of applied statistics, the absence of robust methods
has been due in part to the failure to recognize the extreme sensitivity of standard
methods, or the belief that standard methods were already "optimal" or "best".
The optimality label however is based on assumptions that are only more or less
appropriate for financial data. Indeed, some of the earliest questioning of standard
assumptions came from analysis of financial data that showed too many outlying
realizations relative to the standard normal distribution; see Mandelbrot (1965)
and Fama (1963). The fact that data tended to have fatter tails relative to the
center of the distribution meant not only that standard methods were suboptimal,
but that they could be highly misleading relative to robust methods.
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FIGURE 4. Regression quantile and least squares, EO, estimates
for residual returns for a < 0, controlling for sector effects.
Another reason for the absence of robust methods is a perception that preprocessing data to remove univariate outliers results in robust estimates. Univariate
screening and trimming of data helps identify influential values of dependent and
explanatory variables, but it does not assure robust estimates. In the multivariate
setting with no outliers for any single variable, there can be large differences between standard and robust estimates. Trimming extreme observations is motivated
by robustness considerations, but it does not assure estimates that are determined
by the bulk of the data.
Statistical applications of quantile estimation in Finance have also not been
used widely (but for a recent application, see Bassett and Chen, 1991). Data
analysis has tended to focus on estimating central tendency with only secondary
attention on determinants of tail events. Or models were restricted to simple location shifts as a function of explanatory variables. The low signal-to-noise inherent
in financial models, together with increasing concern about risk, makes quantile
methods particularly appealing in quantitative portfolio management. The quantile model allows the relation between a set of factors and tail events to be estimated directly. This allows the relation between predicted and actual returns to
be assessed comprehensively. The application presented here has shown that the
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a-scores work well for expected returns, but result in increased dispersion at extreme a values, a feature that would have been missed in a conventional analysis
focusing only on conditional expectations.
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