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Perspective

Risk-Based Sampling: I Don’t Want to Weight in Vain
Mark R. Powell

Recently, there has been considerable interest in developing risk-based sampling for food
safety and animal and plant health for efficient allocation of inspection and surveillance resources. The problem of risk-based sampling allocation presents a challenge similar to financial portfolio analysis. Markowitz (1952) laid the foundation for modern portfolio theory
based on mean-variance optimization. However, a persistent challenge in implementing portfolio optimization is the problem of estimation error, leading to false “optimal” portfolios and
unstable asset weights. In some cases, portfolio diversification based on simple heuristics (e.g.,
equal allocation) has better out-of-sample performance than complex portfolio optimization
methods due to estimation uncertainty. Even for portfolios with a modest number of assets,
the estimation window required for true optimization may imply an implausibly long stationary period. The implications for risk-based sampling are illustrated by a simple simulation
model of lot inspection for a small, heterogeneous group of producers.
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1. INTRODUCTION

optimization literature. This is followed by a simple
simulation model that illustrates some of the implications for risk-based sampling in the SPS arena.
There appears to be widespread agreement, at
least in principle, that risk-based sampling represents an optimal strategy for resource allocation. Beginning in the early 1990s, policy reviews have recommended that federal food safety agencies adopt
risk-based inspection.(4,5) In practice, the development and implementation of risk-based food safety
inspection has been a challenge, particularly in light
of legal constraints on minimum inspection frequencies and the limitations of available data to make
risk-based distinctions among food products, food
producers, or hazards associated with foods.(6–12) Appropriate tools and metrics are available for risk
ranking of biological hazards.(13) However, a commonly cited limitation in applying these tools is
the magnitude of uncertainty given the available
data. Uncertainty about dose-response relationships
looms large, for example, and epidemiologicallybased foodborne illness attribution data are not
available for the vast majority of pathogen-food
combinations.(14) For foodborne toxicants, Finkel(15)

Recently, there has been considerable interest in
developing scientific schemes for risk-based sampling
of food, animals, and plants for effective enforcement of regulatory standards and efficient allocation of surveillance resources. It seems intuitive that
products and producers that present higher sanitary
and phytosanitary (SPS) risks warrant higher frequency and intensity of safety inspection and surveillance activities performed under a budget constraint.
Indeed, this resource allocation problem presents a
challenge similar to the familiar problem where an
investor seeks to optimize the allocation of limited
funds among alternative assets. However, both the
SPS and finance domains are characterized by nonstationary processes, and this presents a fundamental
challenge for optimization strategies.(1–3) After introducing some background on risk-based sampling in
the SPS context, this perspective will briefly review
some relevant findings from the financial portfolio
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illustrates that generally accepted risk rankings (e.g.,
the risk from aflatoxin in peanut butter is greater
than the risk from Alar in apple juice) can become
indiscernible after taking uncertainty fully into account.
In the SPS setting, interest in risk-based inspection is not limited to food safety. Recently, the
idea also has caught on in animal and plant health.
However, Stark(16) cautions: “The rapid rate of acceptance of this core concept of risk-based [animal
health] surveillance has outpaced the development of
its theoretical and practical bases.” Williams(17) considers the advantages, pitfalls, and ambiguities in targeted sampling for animal disease surveillance. This
approach differs from stratified and other common
sampling approaches in that samples can be drawn
exclusively from targeted subpopulations, and inferences rely on auxiliary epidemiologic information
used to estimate risk ratios and demographics, which
are themselves subject to uncertainty. Similar to
some of the implementation challenges witnessed in
food safety, an initial effort by the U.S. Department
of Agriculture Animal Plant and Health Inspection Service (USDA/APHIS) to introduce risk-based
sampling for imports of plants for planting was put
on temporary hold shortly after its introduction in
2012.(18) Conceptually, risk-based sampling presents
a challenge similar to financial portfolio optimization, although the SPS domain is data-poor relative
to finance. Prattley(19) and Cannon(20) provide examples of the application of financial portfolio theory to
animal health surveillance. More generally, Cox(21)
has recommended application of portfolio optimization methods to manage any portfolio of risks.
2. FINANCIAL PORTFOLIO OPTIMIZATION:
THEORY AND PERFORMANCE
Over 60 years ago, Markowitz(22) laid the foundation for modern portfolio theory by deriving the
optimal rule for allocating wealth among assets in
a single-period setting when an investor bases decisions only on the mean and variance of a portfolio’s
return. This involves calculating the weights (w) allocated to N different assets in a portfolio to minimize the variance of returns on the portfolio (σ p2 ) for
a given expected return (μ p ), or equivalently to maximize μ p for a given σ p2 . Such an investor chooses a
portfolio along the mean-variance efficient frontier
based on his or her target expected return (μ∗p ) or
degree of “risk aversion.” (The financial literature
typically equates risk with variance.(23) ) The mean-
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variance efficient frontier can be traced by solving:1
Minw w
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In the absence of a constraint prohibiting short
sales (i.e., absent wi  0  i),2 the solution for w is
given by:
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where: A = ⎣ μ 0 0 ⎦ and λ1 and λ2 are Lagrange
1 0 0
multipliers.
To trace the efficient frontier under
Equation (2), μ∗p is varied by increments. In the
single-period setting, the investor holds w fixed over
the period [t, t+1], after which the weights may be
adjusted.
The key insight of Markowitz’s theory is that
for a given expected return, variance is reduced by
holding a portfolio of imperfectly correlated assets.
It also provided a theoretically appealing explanation for the observed behavior of investors who
1 An

alternative formulation of the classical MVO problem includes the tradeoff between mean and variance directly through
the objective function: Maxw w μ − λw  w, where λ  0 is a
risk aversion parameter.
2 Short sales are sales of an asset not owned by the seller who expects to buy it at a lower price at a future date and result in exposure to potentially unlimited losses. Short sales enter the model
as negative weights. Brennan and Lo(24) show that in the absence
of estimation error, the probability that the mean-variance efficient frontier contains negative weights tends to 1 as the number of assets in a portfolio increases without bound. This is inconsistent with the capital asset pricing model (CAPM), under
which negative asset weights are impossible. The CAPM holds
that the portfolio in which each asset’s weight is proportional to
its total market capitalization lies on the mean-variance-efficient
frontier.
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seek diversification rather than simply maximizing
expected returns. At about the same time, Roy(25)
noted that an investor’s objective may be to minimize
the probability that the portfolio return is less than
a specified value. For the case where the specified
minimum return is the rate of return on a risk-free
asset (Rf ),3 both methods lead to the same strategy
of maximizing the Sharpe ratio ((μ p − R f ) /σ p ),
resulting in the tangency portfolio:(26)
w=

 −1 μe

(3)

1  −1 μe

where: μe = μ − R f 1.
Despite its theoretical appeal and simple, elegant solution, mean-variance optimization (MVO)
has not gained wide acceptance in the investment
community.(27)4 Institutional pension portfolios,
for example, are anchored to a traditional 60/40
equity/bond benchmark structure.(29) Markowitz
himself followed a simple investment rule: “I split my
contributions 50/50 between bonds and equities.”(30)
Various cognitive, institutional, technological, and
other barriers to adoption of classical MVO and its
various extensions have been posited.(26,27,31–33) For
instance, Benartzi(33) found that in contrast to the
“rational, mean-variance optimizing investor,” individual retirement investors tend to employ a naı̈ve
diversification strategy, the “1/N heuristic,” in which
contributions are simply divided evenly among the N
options offered. Finance practitioners also are considered suspicious of portfolios that are not naively
diversified.(34) As we will see shortly, however, the
practitioners’ suspicions have some empirical basis.
A fundamental problem underlying MVO is the
assumption of perfect information about μ and  for
a future time period (t+1) for the universe of assets
under consideration. In practice, the true, unknown
μt+1 and  t+1 are estimated by μ̂t and ˆ t based on
information available at time t. Consequently, when
MVO is applied, the optimization problem that is actually solved is:
Minw w


t+1

3 Risk-free

w + w ˆ t −



w

(4)

t+1

rate of return refers to zero variance, e.g., the rate of
return on a short-term government-issued security with zero risk
of default.
4 More generally, Black and Litterman(28) remark that “few global
investment managers regularly allow quantitative models to play
a major role in their asset allocation decisions.”

s.t. w μt+1 + w (μ̂t − μt+1 ) = μ∗p , w 1 = 1
where (ˆ t − t+1 ) and (μ̂t − μt+1 ) are ex ante unobservable estimation errors.
MVO using sample-based parameter estimates
drawn from a cross-sectional time series of historical
returns assumes that the future is drawn from the
same multivariate distribution as the past. For
stationary processes like rolling dice, estimation
error due to finite samples can, in principle, be
rendered negligible. In nonstationary processes like
financial markets, however, there are regime shifts
(e.g., in macroeconomic conditions), transients (e.g.,
natural disasters and geopolitical disruptions), and
other complex dynamics. Consequently, arbitrarily
increasing the sample size does not arbitrarily improve the precision of forecasts.(35) The spread and
evolution of infectious agents and invasive species in
the SPS setting are similarly nonstationary processes.
Indeed, there is a rapidly growing literature emphasizing and exploiting the parallels between financial
and ecological and infectious disease risks.(36–40)
MVO using sample-based inputs is notorious for
producing extreme, unstable asset weights5 and for
exhibiting poor out-of-sample performance.(42–47)
The optimization seeks to exploit the slightest apparent differences among assets. For example, assume a
portfolio consists of five identical assets with monthly
returns (r)  Normal(1%, 4%), correlations of 50%,
and Rf = 0%. The true optimal w = [0.2, . . . , 0.2].6
A simple simulation shows, however, that if we
obtain μ̂ and ˆ from a sample of 120 months, the
weights calculated by the optimization are highly

5 Extreme

weights result in undiversified portfolios concentrated
in a small number of assets and may represent large leveraged
positive allocations and/or negative short allocations. Weights
that are unstable over time result in high transaction costs. In
principle, it is straightforward to incorporate future transaction
costs associated with adjusting to a new efficient frontier into
the objective function: Maxw w μ − λw w – Ct , where Ct is
the transaction costs (including taxes) resulting from sales of
existing and purchases of new positions. However, portfolio optimization models with transaction costs remain a challenge analytically and empirically.(41) For example, predicting transaction
costs would require predictable price changes that in theory are
rapidly eliminated in informationally efficient markets. In practice, transaction costs may be limited indirectly by introducing a
constraint on asset turnover, the sum of the absolute differences
in weights between adjacent periods. In studies evaluating the
performance of portfolio allocation methods, turnover generally
serves as a proxy measure for transaction costs.
6 In general, the 1/N portfolio is mean-variance efficient if μ ∝ 1.
This includes the case of identical assets.
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volatile about the mean of 0.2 (95% confidence
interval –0.47–0.87).
While the growing interest in the application of
portfolio optimization methods in the SPS domain
is a relatively recent development, the limitations of
modern portfolio theory have long been recognized
in the financial field. Frankfurter,(48) Hodges,(49) and
Dickenson(50) considered the sensitivity of MVO to
estimation error. Frankfurter(48) suggested that under realistic conditions, portfolios selected according to mean-variance criteria are no more likely
to be efficient than portfolios selected at random.
Dickenson(50) remarked that “the practical results . . .
are sufficiently poor for the investment analyst to be
forgiven for relying on his intuition.” Barry(51) cautioned that due to nonstationary asset return distributions, the amount of information available from a
given historical time series would be limited.
Merton(52) showed that under idealized conditions, volatility can be measured precisely using high
frequency data, but very long time series would be
needed to estimate expected returns with precision.
Merton also cautioned that even if long time series
are available, it may not be reasonable to assume
stationary parameters over that long period. (Even
under stationary conditions, relatively new assets
by definition provide a short time series. Google,
for example, was founded in 1998.7 ) Michaud(27)
demonstrated that statistically equivalent portfolios
can have very different asset weights and argued that
given estimation uncertainty, the optimal portfolio
is not well-defined. For example, addressing parameter uncertainty by resampling, the distribution
of weights for a given asset in a portfolio can be
bimodal, with the asset frequently excluded from
the efficient portfolio.(53,54) Best(55) presented theoretical results showing that portfolio weights are
sensitive to small perturbations in the means, and
that the sensitivity of the weights increases with the
number of assets in a portfolio and the correlation
among assets. Chopra(56) showed that the relative
impact of estimation errors in means, variances,
and covariances depends on the position along the
mean-variance efficient frontier.
Michaud(27) also noted that in practice, an important reason for the instability of MVO solutions
is the inversion of an ill-conditioned covariance matrix (e.g., due to high dimensionality and/or multicollinearity). A simple example illustrates. Assume
7 Similarly,

in the SPS domain, individual producers or exporting
nations may have a short track record.

a portfolio consists of three assets (A, B, and C) with
the following monthly returns (r) and correlations
(ρ): rA  Normal(1%, 2%), rB  Normal(1.05%,
2.5%), rC  Normal(1%, 3%), ρ AB = 0.9, ρ AC = 0.5,
and ρ BC = 0.1. Let Rf = 0%. Under this scenario,
the solution for w = [13%, 52%, 35%], which appears reasonable. Now, holding all else constant, let
ρ AC = 0.523. Under this scenario, the solution for w
= [–2899%, 2089%, 910%]. This nonsensical combination of extreme long and short positions is the
result of an ill-conditioned covariance matrix. Note
that  can be decomposed into matrices of eigenvectors (vi ) and eigenvalues (λi ), and w is a linear combination of N principal portfolios vi with weights that
scale as λ−1 :
N

1
w∝
v i v i μe
(5)
λi
N 1
i=1 λi

v i v i

i=1
−1

= .
where:
Consequently, MVO aligns the weights with the
principal portfolios linked with small eigenvalues.(57)
With the slight change of ρ AC (0.5 to 0.523), the
smallest λ decreases by more than an order of magnitude to 0.0016. As the eigenvectors associated with
the smallest eigenvalues are most sensitive to noise,
Michaud(27) dubbed this the “error maximization”
property of mean-variance optimizers.
Over the past 60 years, researchers have busily
developed new methods devoted to improving the
performance of portfolio optimization by reducing
the impact of estimation error and relaxing underlying assumptions (e.g., no transaction costs or taxes,
unlimited liquidity, joint elliptically distributed returns, constant volatility and linear dependencies, a
market with no memory).(26,58) For example, index
models imposed structure on the correlation matrix
and reduced the dimensionality of the optimization
problem.(59) (However, this involves a tradeoff between estimation error and specification error.(60) )
Barry(51) recommended using diffuse Bayesian priors to address estimation error. Jobson(42,47) and
Jorion(43,61) proposed empirical Bayes shrinkage estimators. Black(28) proposed combining two priors,
shrinking the views of the investor toward an equilibrium asset pricing model, depending on the degree of
confidence in the investor’s views. Robust portfolio
allocation rules seek to minimize opportunity costs
under a “reasonable set” of market scenarios reflecting parameter and model uncertainty.(62,63)
Among practitioners, a popular method for controlling the effects of estimation error and instability is to impose ad hoc constraints, such as turnover
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limits or minimum and maximum position limits on
individual assets or asset classes.(41,58,64) A common
constraint is to impose nonnegative weights (prohibiting short sales). According to Brennan,(24) “investment professionals . . . have railed against mindless optimization for years, arguing that portfolio
weights obtained in this manner are ill-behaved and
must be constrained or otherwise post-processed.”
Ang(64) remarks, “[c]onstraints help because they
bring back unconstrained portfolio weights to economically reasonable positions.” The common practice of relying on ad hoc constraints raises the question of whether the optimized solution is driven by
subjective views of what the optimal assets weights
“should be” and has led some observers to suggest
that as used currently, MVO “has largely a marketing, rather than investment function”(65) and serves
as “window dressing.”(66)8
Over 30 years ago, Bloomfield(67) and Jobson(42)
observed that the naı̈ve 1/N portfolio strategy can
outperform MVO and other sophisticated allocation
strategies. More recently, DeMiguel(45) employed a
10-year rolling estimation window to compare the
out-of-sample performance of the naı̈ve 1/N strategy
to 14 portfolio optimization models across seven empirical data sets of monthly returns. The models include classical MVO and its extensions like Bayesian
estimators and parameter restrictions, as well as asset pricing models, constrained portfolios, and combinations of portfolios intended to reduce the effects
of estimation error. The allocation strategies were
compared in terms of the Sharpe ratio, certaintyequivalent return, and turnover. The results indicate that despite decades of increased methodological sophistication, none of the portfolio optimization
methods consistently had better out-of-sample performance than the naı̈ve 1/N portfolio. Furthermore,
DeMiguel(45) estimated that for a portfolio containing 25–50 assets, the estimation window needed for
optimization methods to outperform the 1/N strategy is approximately 3,000–6,000 months (250–500
years).
It is an empirical question whether the forecasting error inherent in portfolio optimization methods
outweighs the effects of ignoring information under
simple allocation rules such as 1/N. The balance is
situational, depending on the assets under consid-
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Table I. 3×3 Factorial for 27 Simulated Producers
Factor
Mean lot prevalence (μ)
CV lot prev. (σ /μ)
Volume (L, lots/year)

minimum and maximum prescribed inspection frequencies may constrain risk-based sampling in the SPS setting,
and complex risk-ranking algorithms may convey an impression
of rigor despite weak underlying data.

Med

Low

0.01
2
100,000

0.005
1
10,000

0.001
0.5
1,000

eration, the investment period, the degree of risk
aversion, and other factors. Assuming markets are
reasonably efficient, however, it seems likely that if
an asset allocation strategy were superior in practice,
it would have overtaken competing strategies in
60 years. Once the assumption of perfect information about the distribution of future states of the
world is relaxed, there is little reason to expect that
optimization is an optimal strategy.(68)
3. SIMULATION OF LOT INSPECTION
The implications of the limitations of portfolio
optimization for risk-based sampling are illustrated
by a simple simulation model of lot inspection for a
small, heterogeneous group of producers. Assume a
heterogeneous group of 27 producers characterized
by three factors with three levels (Table I). Let i
= 1, . . . , 27 producers; j = 1, . . . , 20 years. For each
producer, the prevalence of contaminated lots (p)
varies independently year to year following a beta
distribution:9
pi ∼ Beta(μi , σi ),

(6)

where: σi = cvi ∗ μi and cv is the coefficient of
variation (σ /μ).
While prevalence has to be estimated, producer
volume (Li , lots/year) is considered known and
fixed. Total volume over all 27 producers is 999,000
lots/year. Assume a budget that allows lot inspection (I) of approximately 1% of the total annual
volume ( i j Ii  9,990/year). Let the probability of
detecting a contaminated lot (pdetxn ) = 78.5%. (This
would hold if the within-lot prevalence is 5% and
the number of samples per lot is 30. In that case,
the budget would permit collection and analysis of
approximately 299,700 samples per year.10 )
9 Here,

8 Similarly,

High

we define the beta distribution in terms of the mean (μ)
and variance (σ 2 ). It is more common to parameterize the beta
distribution in terms of α and β with α = μ2 (1–μ)/σ 2 and β =
α(1–μ)/μ.
10 In comparison, the U.S. Department of Agriculture Food
Safety and Inspection Service(69) analyzes approximately 30,000
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The simulation of contaminated lots (c), contaminated lots included in the inspection sample (ci), and
contaminated lots detected upon inspection (x) proceeds as follows:
no. contaminated lots (ci j ) ∼ Binomial (Li , pi j )
no. contaminated lot inspected (ci i j )
∼ Hypergeometric (Ii j , ci j ,Li )
no. contaminated lots detected (xi j )
∼ Binomial (ci i j , pdetxn )

(7)

Under a constrained, “risk-based” optimization
of lot inspection, we start in the first year with an
equal number of inspections to establish a baseline
estimate of prevalence for each producer. Thereafter, the annual frequency of lot inspection for each
producer (Iij ) is at least one and no more than their
production volume, but otherwise sampling is proportional to the product of volume (Li ) and the estimated prevalence of contaminated lots ( p̂ij ). The
prevalence estimate is updated each year based on
the accumulated data:
Optimized Allocation : Ii j ∝ Li ∗ p̂i j

(8)

s.t. Ii1 = 9, 990/27 = 370; 1 ≤ Ii j ≤ Li for j= 2, . . . , 20
where: p̂i j =

t−1
j=1 xi
t−1
j=1 Ii

.

Under a simpler allocation rule, we ignore information about prevalence and sample lots for inspection proportional to volume.
Simplified Allocation : Ii ∝ Li

(9)

Note that under simple random sampling, the
probability of inspecting a lot from a producer is
proportional to its production volume. If production
volume were unknown, the simplified allocation rule
could be approached by random sampling of lots for
inspection.
Two simulation scenarios are considered. Under
the first scenario, the system is assumed stationary for 20 years. Under the second scenario, we
introduce transients (e.g., outbreaks or extreme
contamination events) into an otherwise stationary
process. This scenario assumes a producer’s annual
probability of a transient is 5% so that each producer
is expected to incur one transient over 20 years. The
transients are assumed to increase lot prevalence
samples per year for Salmonella across the entire raw meat and
poultry sector.

Fig. 1. Optimized allocation distribution for Producer 3 (high
volume, high prevalence, low CV) year 20.

without changing the probability of detecting a contaminated lot.11 Simulations were performed with
Latin hypercube sampling using Palisades @Risk,
Ver. 5.7.1, an add-on to Microsoft Excel.
3.1. Simulation Results
3.1.1. Scenario 1
Assuming stationary parameters, the optimized
“risk-based” sampling frequencies assigned to producers remain highly unstable after 20 years. For
example, Fig. 1 presents the results for Producer
3 (high volume, high prevalence, low cv). After
20 years, the optimization allocates a bimodal distribution of inspections, essentially indicating that the
producer should either be ignored or sampled with a
high frequency.
Fig. 2 summarizes the optimized allocation distributions for the three high-volume, high-prevalence
producers (Producers 1–3). The risk-based sampling
weights remain highly unstable after 20 years and far
from optimal. Whether the simulated mean underor overestimates the true optimal allocation depends
on the cv.
Even if the simulated baseline sampling period is
extended to 10 years, the risk-based sampling weights
remain highly unstable at year 20 under stationarity.
For example, with a 10-year baseline, the simulated
95% interval of inspections at year 20 for Producer 1
was 29–184% of the true optimum. Just as unstable
11 This

assumption might hold, for example, if contamination
becomes more widespread among sites (e.g., orchards) that
supply raw materials (e.g., fruit) but not more prevalent within
lots sourced from contaminated sites after pre- and postharvest control measures, which could include quarantine of highly
contaminated sites.
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Fig. 2. Simulated mean and 90% confidence intervals of optimized allocation distributions for
high-prevalence, high-volume producers year 20.

nario implausibly assumes the process is stationary
over 20 years.

3.1.2. Scenario 2

Fig. 3. Mean number of contaminated lots detected over time by
optimized and volume-based allocations under stationarity.

asset weights increase financial transaction costs and
reduce net portfolio returns, we would expect unstable sampling weights to increase costs and diminish
cost effectiveness of lot inspection. Unstable weights
also could result in churning reputation damages as
different producers are targeted over time.
Fig. 3 compares the performance of the optimization rule versus allocating proportional to volume
alone. It suggests that although the optimization is
unstable, it is expected to outperform simple volumebased allocation over time. This is analogous to the
finding that financial portfolio returns can be less sensitive to estimation error than the underlying asset
weights.(55) Recall, however, that this simulation sce-

Fig. 4 shows that with the introduction of infrequent transients into an otherwise stationary process,
the expected performance of the allocation rules
rapidly becomes indistinguishable as the lot prevalence given a transient (transient intensity) increases.
It is important to note that measuring performance based on the number of lots rejected per
year, like classical MVO, assumes a single-period
setting. However, rather than passively recording
spiking numbers and adjusting the sampling weights
at the end of a period, SPS inspection ideally also
serves to detect ongoing extreme events, determine
their cause, and take timely corrective action. This is
not only relevant to food safety but also to invasive
species. Once introduced into a new environment,
invasive species may become established and cause
continuing damages beyond the initial introduction
event.
To consider which sampling allocation rule is
more likely to detect the occurrence of a transient,
Fig. 5 presents the cumulative distribution of the ratio of contaminated lots detected for the two schemes
given occurrence of a transient (xopt /xvol |transient).
We see that the optimization scheme is like a batter who swings for the fences and strikes out a lot.
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Fig. 4. Mean number of contaminated lots detected over time by optimized and volume-based allocations with producer’s annual probability
of transient = 5%.

Fig. 5. Cumulative distribution of the ratio
of contaminated lots detected under optimization and volume-based allocation given
occurrence of a transient.

The break-even ratio of 1 exceeds the 70th percentile
of the distribution, and the optimization scheme frequently fails to detect any contaminated lots during
transient events due to the virtual exclusion of some
producers from inspection. While the risk-based sampling weights are volatile, reacting to each new chunk

of data, the simple volume-based sampling weights
are patiently stable over time. To make another
sports analogy, the simple scheme is like experienced
soccer players who space themselves out over the
field, rather than pee wee leaguers who merrily chase
the ball as a swarm.

Risk-Based Sampling
Of course, these simulations are based on hypothetical distributions and scenarios and are only intended to be illustrative. But the results suggest that
complex optimization efforts do not consistently outperform apparently naı̈ve allocation strategies. This
mirrors the empirical findings in the financial portfolio literature, which is and likely will remain a far
more data-rich environment than the SPS setting.
4. CONCLUSION
This article illustrates that seeking to optimize
risk-based sampling can be a suboptimal sampling
strategy. More generally, Gigerenzer(70) finds that
heuristic decision making that ignores some information can lead to more accurate judgments than
weighting and incorporating all available information, for instance, for conditions characterized by low
predictability and small samples. Further, it is worth
noting that all samples are small if the dimension of
the problem is sufficiently high (e.g., rank ordering
the risk of all producers of all foods across all hazards). But if pursuing optimization can be suboptimal under uncertainty, it does not follow that following simple rules is costless or that any simple heuristic will perform better than optimization methods.
For example, an investor could simply allocate her
wealth among assets based on offers in her email
spam folder, or an SPS agency could allocate inspection resources based on the latest widely publicized
outbreak or contamination event. In finance, the simple 1/N investment heuristic often performs well in
practice because it has built-in buy low/sell high characteristics, a contrarian strategy that benefits from reversion to the mean. Equal weighting also guarantees that the best performing asset remains in the
portfolio while eliminating exposure to risky short
positions. Recently, Pflug(32) demonstrates that optimized portfolios converge to the uniform portfolio as
uncertainty increases.
This finding is intuitive. If uncertainty about
asset returns is sufficiently large, we would not reject
the hypothesis that all the assets arise from the same
population. In this instance, applying MVO results
in equal weighting, and diversification benefits are
achieved if the assets are imperfectly correlated.
Similarly, in the SPS setting, if there is sufficient
uncertainty (taking into account the number of comparisons), we would not reject the hypothesis that all
producers have the same prevalence of contaminated
lots. In such a case, sampling resources should be
allocated according to risk-related attributes over
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which producers are distinguishable (e.g., volume)
without regard to prevalence. Alternatively, if the
risks associated with exposure pathways are poorly
understood (including future volumes), then it will
be difficult for risk-weighted sampling to consistently
perform better out sample than simple random
sampling. This conclusion seems so self-evident as
to be trivial. Nonetheless, enthusiasm for risk-based
sampling using ever more complicated optimization
techniques does not appear to be waning.
In a widely publicized speech on financial regulation in the wake of the financial crisis that began
in 2007, Haldane(68) advocated the use of simple regulatory decision-making rules under uncertainty but
cautioned that this places a heavy reliance on the
judgment of the decisionmaker to pick appropriate
heuristics. Exercising judgment under uncertainty is
taken for granted in private finance. However, relying on the judgment of public decisionmakers assumes a level of deference that is not always granted.
And this may explain, at least in part, the persistent
appeal of risk-based sampling in the SPS domain.
DISCLAIMER
The opinions expressed herein are the views
of the author and do not necessarily reflect the
official policy or position of the U.S. Department of
Agriculture. Reference herein to any specific commercial products, process, or service by trade name,
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REFERENCES
1. Greene WH. Econometric Analysis, 3rd ed. Upper Saddle
River, NJ: Prentice Hall, 1997.
2. Brown D, Rothery P. Models in Biology: Mathematics, Statistics and Computing. New York: John Wiley & Sons, 1993.
3. Lo A, Mueller MT. Warning: Physics envy may be hazardous
to your wealth. Journal of Investment Management, 2010;
8(2):13–63.
4. GAO (General Accounting Office). Food Safety and Quality: Uniform, Risk-Based Inspection System Needed to Ensure Safe Food Supply. Washington, DC: GAO, 1992.
5. GAO (General Accounting Office). Risk-Based Inspections
and Microbial Monitoring Needed for Meat and Poultry.
Washington, DC: GAO, 1994.
6. USDA/OIG (U.S. Department of Agriculture Office of
Inspector General). Issues Impacting the Development of
Risk-Based Inspection at Meat and Poultry Processing Establishments. Washington, DC: USDA/OIG, 2007.
7. IOM (Institute of Medicine). Review of Use of Process Control Indicators in the FSIS Public Health Risk-Based Inspection System: Letter Report. Washington, DC: National
Academies Press, 2009.

10
8. NRC (National Research Council). Letter Report on the Review of the Food Safety and Inspection Service Proposed
Risk-Based Approach to and Application of Public-Health
Attribution. Washington, DC: National Academies Press,
2009.
9. NRC (National Research Council). Review of the Methodology Proposed by the Food Safety and Inspection Service for
Followup Surveillance of In-Commerce Businesses: A Letter
Report. Washington, DC: National Academies Press, 2009.
10. NRC (National Research Council). Letter Report on the Development of a Model for Ranking FDA Product Categories
on the Basis of Health Risks. Washington, DC: National
Academies Press, 2009.
11. NRC (National Research Council). Enhancing Food Safety:
The Role of the Food and Drug Administration. Washington,
DC: National Academies Press, 2010.
12. NRC (National Research Council). A Risk-Characterization
Framework for Decision-Making at the Food and Drug Administration. Washington, DC: National Academies Press,
2011.
13. EFSA (European Food Safety Authority). Scientific opinion on the development of a risk ranking toolbox for the
EFSA BIOHAZ panel. EFSA Journal, 2015; 13(1):3939–
4070.
14. EFSA (European Food Safety Authority). Scientific opinion
on the development of a risk ranking framework on biological
hazards. EFSA Journal, 2012; 10(6):2724–2812.
15. Finkel A. Toward less misleading comparisons of uncertain risks: The example of aflatoxin and alar. Environmental
Health Perspectives, 1995; 103(4):376–385.
16. Stärk K, Regula G, Hernandez J, Knopf L, Fuchs K, Morris
R, Davies P. Concepts for risk-based surveillance in the field
of veterinary medicine and veterinary public health: Review
of current approaches. BMC Health Services Research, 2006;
6(1):1–8.
17. Williams M, Ebel E, Wells S. Population inferences from
targeted sampling with uncertain epidemiologic information.
Preventive Veterinary Medicine, 2009; 89:25–33.
18. Regelbrugge C. Averting a train wreck at the airport.
ANLA Today, 2012. Available at: http://americanhort.the
knowledgecenter.com/AmericanHortNews/index.cfm?view=
detail&colid=123&cid=356&mid=5425&CFID=551048&
CFTOKEN=99b23f2a8a456ada-2BA72CC4-0FDB-B2DB5595A40584E993A5, Accessed April 1, 2015.
19. Prattley DJ, Morris RS, Stevenson MA, Thorton R. Application of portfolio theory to risk-based allocation of surveillance resources in animal populations. Preventive Veterinary
Medicine, 2007; 81(1–3):56–69.
20. Cannon RM. Inspecting and monitoring on a restricted
budget—Where best to look? Preventive Veterinary
Medicine, 2009; 92(1–2):163–174.
21. Cox JLA. What’s wrong with hazard-ranking systems? An expository note. Risk Analysis, 2009; 29(7):940–948.
22. Markowitz HM. Portfolio selection. Journal of Finance, 1952;
7:77–91.
23. Cox L. Why risk is not variance: An expository note. Risk
Analysis, 2008; 28(4):925–928.
24. Brennan T, Lo A. Impossible frontiers. Management Science,
2010; 56(6):905–923.
25. Roy AD. Safety first and the holding of assets. Econometrica,
1952; 20:431–449.
26. Elton EJ, Gruber MJ. Modern Portfolio Theory and Investment Analysis. 5th ed. New York: John Wiley & Sons, 1995.
27. Michaud R. The Markowitz optimization enigma: Is “optimized” optimal? Financial Analysts Journal, 1989; 45:
31–42.
28. Black F, Litterman R. Global portfolio optimization. Financial
Analysts Journal, 1992; 48(5):28–43.

Powell
29. Chaves DB, Hsu JC, Li F, Shakernia O. Risk parity portfolio
vs. other asset allocation heuristic portfolios. Journal of Investing, 2011; 20(1):108–118.
30. Zweig J. Investing experts urge “do as I say, not as I do.”
Wall Street Journal, 2009. Available at: http://www.wsj.com/
articles/SB123093692433550093, Accessed April 1, 2015.
31. Frankel J, Engel C. Do asset-demand functions optimize over
the mean and variance of real returns? A six-currency test.
Journal of International Economics, 1984; 17:309–323.
32. Pflug G, Pichler A, Wozabal D. The 1/N investment strategy is
optimal under high model ambiguity. Journal of Banking and
Finance, 2012; 36(2):410–417.
33. Benartzi S, Thaler R. Naive diversification strategies in defined contribution savings plans. American Economic Review,
2001; 91(1):79–98.
34. Green R, Hollifield B. When will mean-variance efficient
portfolios be well diversified? Journal of Finance, 1992;
47(5):1785–1809.
35. Barry C, Winkler R. Nonstationarity and portfolio choice.
Journal of Financial and Quantitative Analysis, 1976;
11(2):217–235.
36. National Research Council. New Directions for Understanding Systemic Risk. Washington, DC: National Academies
Press, 2007.
37. May RM, Levin SA, Sugihara G. Complex systems: Ecology
for bankers. Nature, 2008; 451:893–895.
38. Arinaminpathy N, Kapadia S, May R. Size and Complexity in
Model Financial Systems. London: Bank of England, 2012.
39. Glasserman P, Young HP. How Likely is Contagion in Financial Networks. Washington, DC: Office of Financial Research,
2013.
40. Haldane A, May R. Systemic risk in banking ecosystems. Nature, 2011; 351:351–355.
41. Chapados N. Portfolio Choice Problems: An Introductory Survey of Single and Multiperiod Models. New York:
Springer, 2011.
42. Jobson JD, Korkie B. Putting Markowitz theory to work. Journal of Portfolio Management, 1981; 7:70–74.
43. Jorion P. International portfolio diversification with estimation risk. Journal of Business, 1985; 58(3):259–278.
44. Herold U, Maurer R. Portfolio choice and estimation risk. A
comparison of Bayesian and heuristic approaches. Astin Bulletin, 2006; 36(1):135–160.
45. DeMiguel V, Garlappi L, Uppal R. Optimal versus naive diversification: How inefficient is the 1/N portfolio strategy? Review of Financial Studies, 2009; 22(5):1915–1953.
46. DeFusco RA, McLeavey DW, Pinto JE, Runkle D, Anson M.
Quantitative Investment Analysis. 2nd ed. Hoboken, NJ: John
Wiley & Sons, 2007.
47. Jobson JD, Korkie B. Estimation for Markowitz efficient portfolios. Journal of the American Statistical Association, 1980;
75(371):544–554.
48. Frankfurter GM, Phillips HE, Seagle JP. Portfolio selection: The effects of uncertain means, variances, and covariances. Journal of Financial and Quantitative Analysis, 1971;
6(5):1251–1262.
49. Hodges S, Brealey R. Portfolio selection in a dynamic and uncertain world. Financial Analysts Journal, 1972; 28(6):58–69.
50. Dickenson JP. The reliability of estimation procedures in portfolio analysis. Journal of Financial and Quantitative Analysis,
1974; 9(3):447–462.
51. Barry C. Portfolio analysis under uncertain means, variances,
and covariances. Journal of Finance, 1974; 29(2):515–522.
52. Merton R. On estimating the expected return on the market:
An exploratory investigation. Journal of Financial Economics,
1980; 8:323–361.
53. Jorion P. Portfolio optimization in practice. Financial Analysts
Journal, 1992; 48(1):68–74.

Risk-Based Sampling
54. Scherer B. Portfolio resampling: Review and critique. Financial Analysts Journal, 2002; 58:98–109.
55. Best M, Grauer R. On the sensitivity of mean-varianceefficient portfolios to changes in asset means: Some analytical
and computational results. Review of Financial Studies, 1991;
4(2):315–342.
56. Chopra VK, Ziemba WT. The effects of errors in the means,
variances, and covariances. Journal of Portfolio Management,
1993; 19:6–11.
57. Schmelzer T, Hauser R. Seven sins in portfolio optimization,
2013. Available at: http://arxiv.org/abs/1310.3396, Accessed
April 1, 2015.
58. Connor G, Goldberg LR, Korajczyk RA. Portfolio Risk Analysis. Princeton, NJ: Princeton University Press, 2010.
59. Sharpe W. Portfolio Theory and Capital Markets. New York:
McGraw-Hill, 1970.
60. Ledoit O, Wolf M. Honey, I shrunk the sample covariance matrix. Journal of Portfolio Management, 2004; 30(4):110–119.
61. Jorion P. Bayes-Stein estimation for portfolio analysis. Journal
of Financial and Quantitative Analysis, 1986; 21(3):279–292.
62. Meucci A. Risk and Asset Allocation. Berlin: Springer, 2005.
63. Garlappi L, Uppal R, Wang T. Portfolio selection with parameter and model uncertainty: A multi-prior approach. Review
of Financial Studies, 2007; 20:41–81.

11
64. Ang A. Mean-Variance Investing. New York: Columbia
Business School, 2012. Available at: http://papers.ssrn.com/
sol3/papers.cfm?abstract_id=2131932#, Accessed April 1,
2015.
65. Michaud R. Why mean-variance optimization isn’t useful for investment management. New Frontier Advisors,
LLC, 2004. Available at: https://www.newfrontieradvisors.
com/Research/Articles/documents/WhyMVOptimizationisnt
useful.pdf, Accessed April 1, 2015.
66. Androgue J. Using mean variance optimization in the real
world: Black-Litterman vs resampling, 2005.
67. Bloomfield T, Leftwich R, Long J. Portfolio strategies
and performance. Journal of Financial Economics, 1977; 5:
201–218.
68. Haldane A. The Dog and the Frisbee. London: Bank of
England, 2012. Available at: http://www.bankofengland.
co.uk/publications/Documents/speeches/2012/speech596.pdf,
Accessed April 1, 2015.
69. USDA/FSIS (U.S. Department of Agriculture Food Safety
and Inspection Service). Food Safety and Inspection Service’s
Annual Sampling Program Plan: Fiscal Year 2015. Washington, DC: USDA/FSIS, 2014.
70. Gigerenzer G, Gaissmaier W. Heuristic decision making. Annual Review of Psychology, 2012; 62:451–482.

