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Abstract

Integrating the concept of judgment into a statistical decision framework addresses

longstanding empirical challenges in asset allocation models. Judgment is defined by

a benchmark allocation and a level of significance. The null hypothesis posits that

the benchmark allocation is optimal if its gradient of the expected utility is zero.

A test statistic evaluates the gradient using the maximum likelihood estimate. If

the test does not reject the null hypothesis at the specified significance level, the

benchmark allocation is retained. Otherwise, decision-makers select the allocation

identified by the boundary of the confidence interval of the empirical gradient. Monte

Carlo simulations and pseudo out-of-sample exercises indicate that this judgment-

based approach outperforms traditional methods and the 1/N benchmark, providing

a robust alternative for asset allocation under uncertainty.

Keywords: Asset Allocation; Statistical Decision Theory; Hypothesis Testing; Ambiguity; Asymp-

totics.

JEL Codes: C1; C12; C13; C18; D81.

∗European Central Bank (ECB), simone.manganelli@ecb.int. The views expressed in this paper are my
own and do not necessarily reflect those of the ECB.

1



1 Introduction

In a theoretical asset allocation problem, decision-makers choose portfolio weights that

maximize a given expected utility. Markowitz (1952) provided the first such characteriza-

tion, where the expected utility is represented by a trade-off between expected portfolio

returns and variance. This framework paved the way for significant advancements in fi-

nancial theory, including the development of the capital asset pricing model by Sharpe

(1964). Despite its robust theoretical underpinnings, implementing these models empiri-

cally presents significant challenges, as highlighted by studies such as Jobson and Korkie

(1980), Brandt (2009), and DeMiguel et al. (2009). Of particular concern to econometri-

cians, DeMiguel et al. (2009) have shown that simple heuristics, like equal weight allocation,

often outperform the most advanced econometric estimation techniques.

In practice, standard econometric methods often fail to provide reliable weight estima-

tions, with plug-in estimates based on maximum likelihood tending to yield extreme and

volatile allocations. These allocations frequently perform poorly out-of-sample, leading in-

dustry practitioners to adjust them using informal judgment. This paper explores how the

theory of judgment developed by Manganelli (2009) and Manganelli (2025) can be applied

to improve portfolio allocation by addressing these empirical challenges.

The starting point is the statistical decision theoretical framework of Wald (1950). A

statistical decision problem is defined by three elements: an action, a statistical parameter

and a loss function. In the context of the portfolio allocation problem explored here, the

action is the asset allocation chosen by the decision-maker, the statistical parameter is the

vector of expected returns and variance-covariance matrix of the portfolio assets, and the

loss function is the negative of the mean-variance expected utility. Manganelli (2025) adds

a fourth element, judgment, which is formally defined as a pair of a judgmental decision

and a level of significance associated with it. The judgmental decision in the application

of this paper is the benchmark allocation that the decision-maker aims to outperform.

To determine whether the benchmark allocation is optimal or if improvements are possi-
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ble, we first test whether the benchmark allocation sets the gradient of the expected utility

function to zero – a necessary and sufficient condition for optimality under continuous and

concave losses. This test is implemented by evaluating the gradient using the maximum

likelihood estimates of the statistical parameter and employing the level of significance

to decide when to reject the null hypothesis. If the null hypothesis is not rejected, the

benchmark allocation is retained as the final decision, as the data lack sufficient statistical

evidence to warrant deviation. Conversely, if the null hypothesis is rejected, the alterna-

tive hypothesis suggests that the population gradient evaluated at the judgmental decision

differs from zero, indicating that marginal adjustments in the direction of the maximum

likelihood decision improve the expected utility function. This remains true until the closest

boundary of the confidence interval is reached.

The frequentist approach of Manganelli (2025) introduces judgment in a statistical deci-

sion problem by imposing an external structure on the decision variables, the asset weights

in the example discussed here. In contrast, the Bayesian approach incorporates judgment

by imposing structure on the the model’s statistical parameters. Within a simplified as-

set allocation example, the two approaches can be shown to be equivalent. One severe

limitation of the Bayesian method is that it rejects the judgmental allocation with proba-

bility 1, offering no protection against Type I errors and resulting in dismissing an optimal

judgmental allocation. This can be interpreted as the Bayesian decision-maker exhibit-

ing uncertainty-neutral preferences, as first pointed out by Ellsberg (1961). The robust

Bayesian approach, which maximizes expected utility under a worst-case prior scenario,

does not automatically reject the Bayesian-equivalent of the judgmental decision, aligning

more closely with the approach advocated in this paper. A limitation of the Bayesian ap-

proach is that it is unclear how the priors on statistical parameters translate to the decision

variables. In asset allocation problems, it is often more realistic and intuitive to express

judgment directly in terms of decision variables rather than statistical parameters.

A key ingredient in the implementation of the test is the asymptotic distribution of

the maximum likelihood estimators of the mean and variance-covariance matrices of the
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portfolio assets, needed to construct the distribution of the test statistic. This distribution

is easily available using standard results. For this paper, we rely on the results of Lütkepohl

(2005). In order to assess the accuracy of the asymptotic approximation, we perform several

Monte Carlo experiments.

First, we check the size and power of the test. We simulate multivariate normal data,

using the empirical mean and variance-covariance matrix of a dataset from DeMiguel et al.

(2009). For each simulation, we test the null hypothesis that the gradient of the expected

utility evaluated at the judgmental decision is equal to zero. Given our knowledge of the

data generating process (DGP), we can evaluate the size of the test using as judgmental

decision the theoretical optimal allocation. Our findings indicate that, the rejection rate

aligns precisely with the significance level (set at 10%), even for small estimation windows

of as few as 60 observations. This holds for different number of assets (1, 5, 20 and 50) and

for various degrees of risk aversion in the expected utility.

To assess the power of the test, we employ the equal weight allocation strategy suggested

by DeMiguel et al. (2009). Because the quality of the equal weight allocation is unknown a

priori, determining the power of the test is inherently challenging. Typically, the power of

a test is reduced when the tested hypothesis is close to the true hypothesis. Our analysis

reveals that the test’s power is quite sensitive to the length of the estimation window and,

notably, to the degree of risk aversion. It is not surprising that the power increases with

the sample size. The power’s increase with the risk aversion coefficient is also reasonable,

given that second moments are generally easier to estimate than first moments: as the risk

aversion coefficient rises, decision-makers place greater emphasis on the portfolio’s variance,

thereby enhancing the test’s accuracy.

Second, we conduct a similar Monte Carlo exercise to compare the expected utilities

of the decision with judgment against those of the benchmark allocation. Again, we use

as benchmark allocations the theoretically optimal and the 1/N portfolios. Our findings

corroborate the conclusion of DeMiguel et al. (2009) that the standard plug-in estimator

performs poorly out-of-sample. In contrast, the decision with judgment, which constrains

4



Type I errors, performs only slightly worse than the optimal allocation (which cannot be

improved by construction) and significantly outperforms the 1/N benchmark.

Finally, we employ the same data sets of DeMiguel et al. (2009) to evaluate how the

decision with judgment fares in a pseudo out-of-sample exercise with real data. Consistently

with the simulation exercise, the decisions with judgment outperform the 1/N benchmark

portfolio, except for one dataset.

The paper is structured as follows. The next section frames the asset allocation problem

in a statistical decision theoretical context and explains how to arrive at the decision

with judgment. Section 3 explain the connection of the decision with judgment with the

Bayesian and robust Bayesian decisions, in the context of a simplified example. Section 4

contains techinical details about the implementation of the decision with judgment. Section

5 presents the Monte Carlo exercises. Section 6 applied the decision with judgment to the

data set of DeMiguel et al. (2009). Section 7 concludes.

2 Asset Allocation with Judgment

2.1 The problem

Consider a portfolio consisting of N + 1 assets, where the (N + 1)th asset is the risk-free

asset with return R. Let a ≡ [a1, . . . , aN ]′ represent the N -vector of portfolio weights for

the first n assets. The return of asset i at time t is denoted by xit. The portfolio return,

accounting for the constraint that the weights sum to one, is expressed as:

yt(a) =
N∑

i=1
aixit +

(
1 −

N∑
i=1

ai

)
R

≡ a′xt + (1 − a′ι)R, (1)

where xt is the N -vector containing xit for i = 1, . . . , N , and ι is an N -vector of ones.

Assume also that a series T of observations is observed.
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Define the vector of expected returns and the variance-covariance matrix as follows:

µ
(N×1)

≡ E[xt] (2)

Ω
(N×N)

≡ V [xt], (3)

Define also

θ
(N(N+3)/2×1)

≡ [µ′, vech(Ω)′]′, (4)

where vech(Ω) is the operator that stacks the elements on and below the main diagonal of

the variance-covariance matrix. Consider an investor with a mean-variance expected utility

function:

U(θ, a) = a′µ + (1 − a′ι)R − 0.5γa′Ωa, (5)

with γ > 0.

The asset allocation problem can be reformulated as:

max
a

U(θ, a). (6)

2.2 The solution with judgment

Manganelli (2025) defines judgment as a pair formed by a judgmental decision ã ∈ RN and

a level of significance α ∈ [0, 1]:

A ≡ {ã, α}. (7)

In the context of the current asset allocation problem, let ã represent a benchmark al-

location that an investor aims to outperform. This allocation will also be referred to as

judgmental decision or judgmental allocation. This subsection explores whether and how

the given benchmark allocation can be statistically improved.

The expected utility (5) depends on the vector of statistical parameters θ that needs

to be estimated. If θ̂(X) denotes the maximum likelihood estimator, assuming that the
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conditions for consistency and asymptotic normality are satisfied, its distribution is:

√
T (θ̂(X) − θ) a∼ N(0, Σ), (8)

where X is a (T × N) matrix of random returns.

Define the maximum likelihood decision â(x) associated with it:

â(x) = arg max
a

U(θ̂, a)

= Ω̂(x)−1(µ̂(x) − ιR)/γ. (9)

where x ≡ [x1; . . . ; xT ] is the (T × N) matrix of observed sample return.

Consider the following shrinking action from the judgmental decision ã to the maximum

likelihood decision:

a(λ; x) = λâ(x) + (1 − λ)ã, for λ ∈ [0, 1] (10)

and rewrite the expected utility as a function of λ, which becomes the relevant decision

variable. The asset allocation problem becomes:

max
λ

V (θ, λ; x) ≡ max
λ

[a(λ; x)′µ + (1 − a(λ; x)′ι)R − 0.5γa(λ; x)′Ωa(λ; x)] . (11)

Two important remarks are in order. First, observe the transformation from an N -

variate (as a function of a) to a univariate (as a function of λ) optimization problem. While

this transformation may result in some loss of generality, it offers significant advantages in

terms of operationalization. It is theoretically possible to consider an N -variate shrinkage

parameter λ ∈ [0, 1]N (see Manganelli (2025) for a discussion). Second, the expected utility

depends on the population parameter θ, but it conditions also on the sample realization

x through a(λ; x). This conditioning is crucial for setting up the Monte Carlo simulation

and for establishing a connection with Bayesian decisions, which will be explored in the

next section.
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Since ã = a(0; x), the null hypothesis that the judgmental decision ã is optimal can be

formulated as

H0 : ∇λV (θ, 0; x) = 0. (12)

This can be tested by constructing the following statistic:

√
T∇λV (θ̂(Y), λ; x) =

√
T∇′

λ,θV (θ̄(Y), λ; x)(θ̂(Y) − θ)
a∼ N(0, σ2),

where Y is an auxiliary (T ×N) random matrix with the same distribution as X, the mean

value vector θ̄(Y) lies between θ̂(Y) and θ, the asymptotic variance is

σ2 ≡ ∇′
λ,θU(θ, λ)Σ∇λ,θU(θ, λ) (13)

and Σ is the variance-covariance matrix of the maximum likelihood estimator from equation

(8). The auxiliary random matrix Y is needed to avoid confusing its potential realizations

y with the actual realizations x on which the null hypothesis (12) conditions.

Since Y has the same distribution as X, we can use the realization x to construct the

following test statistic:
√

T σ̂(x)−1∇λV (θ̂(x), λ; x) (14)

Manganelli (2025) shows that the decision with judgment is then:

λ̂ = max{0, λ∗}, (15)

where λ∗ is implicitly defined by

√
T σ̂(x)−1∇λV (θ̂(x), λ∗; x) = c1−α/2 (16)
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and c1−α/2 is the critical value of the standard normal distribution. The critical value is

constructed using the given level of significance in equation (7), which together with the

judgmental decision ã forms the (exogenous) judgment of the decision-maker.

The decision (15) can be understood through the following economic intuition. If the

null hypothesis (12) is not rejected, the decision-maker opts for the benchmark allocation

ã, as there is insufficient statistical evidence to justify a deviation. Rejection of the null

hypothesis, on the other hand, implies acceptance of the alternative. The alternative

hypothesis states that the population gradient evaluated at the benchmark allocation is

positive, indicating that incremental adjustments toward the maximum likelihood decision

(9) increase the expected utility. These adjustments continue until the decision a(λ∗; x) is

reached, marking the boundary of the confidence interval. At this point, the null hypothesis

asserting the optimality of a(λ∗; x) is no longer rejected.

3 Connection with the Bayesian approach

Decisions with judgment condition on the sample realization, similar to Bayesian decisions

(see, for instance, Section 1.6.3 of Berger (1985)). These methods offer alternative strategies

for integrating judgment into the statistical decision problem, as described by equation

(6). The frequentist approach advocated by Manganelli (2025) incorporates judgment

by imposing an external structure on the decision variable a. In contrast, the Bayesian

approach introduces judgment by imposing structure on the the statistical parameters θ.

This section discusses the explicit link between decisions with judgment and Bayesian

decisions, in the context of a simplified asset allocation problem studied in this paper.

3.1 Bayesian decision

Suppose there is only one risky asset, so that the weight a ∈ R denotes the fraction invested

in that asset and (1 − a) the fraction invested in cash yielding a 0 return. Assume there is

only one sample realization x, that the expected returns are µ = E[X] and their variance
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is Ω = 1. Assume finally that the risk aversion is γ = 1. The expected utility is now

U(µ, a) = aµ − 0.5a2.

The Bayesian approach requires the decision-maker to formulate a prior on the statistical

parameter µ. Let’s assume, again for the sake of simplicity that the prior is µ ∼ N(0, 1).

To such prior corresponds the judgmental decision

aµ = arg max
a

∫
(aµ − 0.5a2)dµ (17)

= 0,

that is, zero investment in the risky asset.

Assuming that the likelihood of the data is X ∼ N(0, 1), the posterior distribution of

µ upon observing the sample realization x is µ|x ∼ N(x/2, 1/2). The Bayesian decision

based on the posterior is:

aµ|x = arg max
a

∫
(aµ − 0.5a2)dµ|x (18)

= x/2.

After observing the sample realization, the fraction invested in the risky asset is modified in

the direction of the maximum likelihood estimate x. For the prior chosen in this example,

this results in an investment in the risky asset equal to x/2.

This decision coincides with the decision with judgment when ã = aµ = 0 and aµ|x =

a(λ∗; x), which in this simple example is given by λ∗ = 1/2. By equation (16), this in turn

implies that the level of significance α is implicitly defined by

σ̂(x)−1∇λV (θ̂(x), 1/2; x) = |x|−1(x2 − x2/2)

= |x|/2 = c1−α/2.

To recap, in the simplified setting of the example considered in this section, a Bayesian
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decision-maker with a standard normal prior on the statistical parameter µ behaves like a

decision-maker with judgment given by:

ã = 0 and α|x = 2 (1 − Φ(|x|/2)) . (19)

This stylized example raises several concerns about the Bayesian decision-making ap-

proach, both from practical and theoretical perspectives. Starting with practical challenges,

the prior distribution on the model’s statistical parameter implicitly imposes a specific judg-

ment on the decision-maker, as defined in (7). In the example above, a normal prior on

µ is equivalent to assuming the judgmental decision and the level of significance shown in

(19). While calibrating priors to reasonable judgment might be feasible in simple cases, it

becomes increasingly complex as the number of statistical parameters grows. For instance,

the empirical application discussed later in the paper involves a portfolio with 50 assets,

requiring the estimation of 1325 parameters, even under the simplifying assumption of con-

stant means and variance-covariance matrix. Accounting for time-varying mean and second

moments further complicates prior calibration. Furthermore, expressing judgment directly

through decision variables seems to be more intuitive from a practitioner’s standpoint.

The second theoretical concern is that Bayesian decisions inherently reject the judg-

mental decision ã implied by the prior with probability 1. This is like assuming an ex

ante level of significance of 1, which is revised to a value less than 1 after observing the

sample realization, as determined by equation (19). For a detailed discussion of this ex-

ample, see Manganelli (2023), who distinguishes between ex ante and ex post significance

levels. The lack of control over Type I errors is particularly problematic in asset allocation:

when the benchmark portfolio is near-optimal, Bayesian decisions may unjustifiable reject

it and shrink towards the maximum likelihood decision, potentially resulting in a subop-

timal allocation. Conversely, decisions with judgment can use significance levels to guard

against incorrectly rejecting an optimal benchmark allocation, as will be demonstrated in

the Monte Carlo section. This concern is linked to the fact that Bayesian decisions are
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ambiguity-neutral, as first noted by Ellsberg (1961). There is now a large literature on

ambiguity aversion, including asset allocation applications such as Epstein and Schneider

(2010), which highlights the theoretical limitations of the Bayesian approach. Recent re-

views can be found in Gilboa and Marinacci (2013) or Ilut and Schneider (2023). The next

subsection illustrates how decisions with judgment can be interpreted as ambiguity-averse

decisions.

3.2 Robust Bayesian decision

Decision-makers with a level of significance set to 1 can be regarded as having uncertainty-

neutral preferences. An early critique of the Bayesian approach highlighted that Bayesian

decision-makers do not differentiate between scenarios with a precisely known prior and

those with a range of priors for µ. To address this critique, Gilboa and Schmeidler (1989)

proposed relaxing the independence axiom of Savage (1954) and replacing it with the

uncertainty aversion axiom (see Gilboa (2009) for an in-depth discussion). When decision-

makers are characterized by a set of priors, they maximize the expected utility under the

worst-case scenario among those priors. Models incorporating ambiguity-aversion have

since become the dominant paradigm in decision theory. Let us apply this framework to

the simplified example discussed in this section.

Let us assume that the prior distribution on µ is now uncertain and given by a whole

set of distributions:

µ ∼ N(π, 1) − 1 < π < 1.

The decision for the ambiguity-averse decision-maker is expressed as:

max
a

min
π

∫
(aµ − 0.5a2)dµ

The judgmental decision based only on the priors is aµ(π) = 0. The robust Bayesian
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decision, conditioned on the observed realization x, is:

aµ(π)|x =



−(|x| − 1)/2 if x < −1

0 if − 1 ≤ x ≤ 1

(|x| − 1)/2 if x > 1

Here, the judgmental decision aµ(π) = 0 is retained when the sample realization x is between

-1 and 1. This corresponds to not rejecting the judgmental decision with an ex ante level

of significance given by:

α = 2Φ(−1).

The correspondence with the decision with judgment is obtained by setting again

aµ(π)|x = a(λ∗; x), which gives:

λ∗ = (|x| − 1)/2|x|

Substituting λ∗ in equation (16) results in:

σ̂(x)−1∇λV (θ̂(x), λ∗; x) = (|x| + 1)/2,

which corresponds to the following ex post level of significance:

α|x = 2
(

1 − Φ
(

|x| + 1
2

))
.

Unlike Bayesian decisions, robust Bayesian decisions do not automatically reject the

judgmental decision, thereby offering protection against Type I errors. However, similar

to the Bayesian approach, judgment is implicitly embedded in the formulation of the set

of prior distributions. This complicates implementation, as eliciting prior distributions on

the model’s statistical parameters is more challenging than expressing judgment on the

decision variables controlled by the decision-maker. The benefit of linking decisions with

judgment to Bayesian and robust Bayesian decisions is that they inherit the theoretical
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optimality results of these approaches.

4 Implementation of the decision with judgment

Implementation of formula (15) requires the computation of several elements. Let us pro-

ceed in order.

4.1 Maximum likelihood estimates and their asymptotic distri-

bution

To derive the properties of the maximum likelihood estimator θ̂(Y), rewrite the model as

a simple regression:

Yt = µ + ut ut ∼ N(0, Ω). (20)

Given the matrix of sample realizations x, the maximum likelihood estimates are (see,

for instance, formulae 3.4.9 and 3.4.11 of Lütkepohl (2005)):

µ̂(x) = T −1
T∑

t=1
xt (21)

Ω̂(x) = T −1
T∑

t=1
(xt − µ̂(x))(xt − µ̂(x))′. (22)

The asymptotic distribution is given by Proposition 3.4 of Lütkepohl (2005):

√
T (θ̂(Y) − θ) a∼ N

0(N(N+3)/2×1),

 Ω 0(N×N(N+1)/2)

0(N(N+1)/2×N) ΣΩ


 , (23)

where:

ΣΩ = 2D̄N(Ω ⊗ Ω)D̄′
N (24)

D̄N = (D′
NDN)−1D′

N (25)
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and DN is the (N2 × N(N + 1)/2) duplication matrix, such that vec(Ω) = DNvech(Ω).

4.2 Derivatives of the utility function

The other elements necessary to compute the test statistic (14) are the derivatives of the

utility function.

∇λV (θ, λ; x) = ā′(µ − ιR − γΩa(λ)), (26)

where

ā ≡ â − ã. (27)

The cross-derivative of the mean value expansion is:

∇λ,θV (θ, λ; x) =

 ā

−γD′
N(ā ⊗ a(λ))

 (28)

5 Monte Carlo evaluation

One key ingredient of the decision with judgment is the asymptotic distribution of the

maximum likelihood estimator. It is therefore essential to evaluate the accuracy of the

approximation. One first important aspect is the accuracy of the size of the test based

on the statistic (14). The second important aspect is the power of the test, in case the

judgmental decision is not optimal. The power inevitably depends on the accuracy of the

initial judgmental decision. Finally, we want to understand under which circumstances

the allocation with judgment outperforms the judgmental decision, as measured by the

expected utility. The following two subsections review each of these issues.

5.1 Size and power of the test

The data generating process for the Monte Carlo evaluation is as follows. We utilized

simulated data from DeMiguel et al. (2009), which in turn followed the methodology of

MacKinlay and Pastor (2000). The data were generated using a single factor-model, where
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the factor excess returns have an annual average of 8% and standard deviation of 16%.

The intercept was set to zero, and the factor loadings were evenly distributed between 0.5

and 1.5. The variance-covariance matrix of the factor regression residuals was assumed to

be diagonal, with elements drawn from a uniform distribution between 0.10 and 0.20. The

data were generated once for 50 assets, and for exercises involving fewer assets, we simply

select the first subset of assets from this dataset.

We constructed portfolios with N = 1, 5, 20, 50 assets, by selecting the first N assets

from the above-mentioned dataset, using the mean and variance-covariance matrices of

these portfolios as DGP. We generated a random draw from this DGP to construct â, the

maximum likelihood allocation. Next, we generated 10,000 draws from the same DGP

and computed the test statistic (14) for each draw, noting whether it exceeded the critical

value. This exercise was repeated for different estimation windows (60, 120, 180, . . ., 600)

and various judgmental decisions.

The optimal decision is given by:

a0 = Ω−1(µ − ιR)/γ, (29)

where µ and Ω are the population values from the DGP. The judgmental decisions where

chosen as a linear combination between the optimal decision and the 1/N allocation (de-

noted by aN): ã = Pa0 +(1−P )aN , for P = 0, 0.2, 0.4, . . . , 1. When P = 1 the judgmental

allocation coincides with a0 and when P = 0 with aN . Intermediate values of P correspond

to varying degrees of suboptimal judgmental allocations. Finally, we repeated the exercise

for different values of the risk aversion coefficient, γ = 1, 5, 10. It is unclear how to assess

ex ante the degree of suboptimality of the 1/N allocation. By varying the risk aversion

coefficient, we can adjust how closely the 1/N allocation aligns with or deviates from the

optimal decision a0.

The results are presented in Tables 1, 2, 3 and Figures 1, 2, 3 for a level of significance

α = 0.10. Each figures plots the results from the corresponding table, divided in four
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quadrants representing the portfolios with N = 1, 5, 20 and 50 assets. Each quadrant

features six lines, each corresponding to one of the six judgmental allocations considered

in the exercise.

Several key findings are worth highlighting. First, the size of the test statistic (reported

as dashed black line) is unbiased. When the judgmental decision is optimal (ã = a0), the

null hypothesis (12) should be rejected approximately α of the times. The tables and the

figures show that the asymptotic approximation of the test size is quite accurate, even for

the smallest estimation window (60 observations) and the largest portfolios (50 assets).

The probability of incorrectly rejecting the optimal judgmental decision remains around

10%, regardless of the estimation window length or degree of risk aversion.

Second, the power of the test is heavily influenced by the quality of the judgmental

decision, the number of assets in the portfolio and the sample size for parameter estima-

tion. Recall that the equally weighted judgmental portfolio represents one extreme of the

judgmental allocation (the other extreme being the optimal allocation), shown as a black

line. For instance, in the case of γ = 1 and 5 or 10 assets, the equally weighted allocation

appears very close to the optimal one in the space determined by the test statistic (14),

as all lines coincide. The situation is quite different when γ = 5 and even more so when

γ = 10. In this latter case, the power against the equally weight allocation steadily in-

creases with the estimation window size, reaching 1 already for an estimation sample of 240

observations. Naturally, the power is lower for allocations closer to the optimal decision:

the closer the judgmental allocation to the optimal one, the lower the power, as is evident

in Figure 3.
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Table 1: Power of the test statistic when γ = 1

Note: Power for different judgmental decisions is assessed between two extremes. On one end is the optimal
decision a0, as defined in (29). On the opposite end is the 1/N equal weight allocation, denoted by aN .
The intermediate rows represent linear combinations of these two decisions, given by ã = Pa0 +(1−P )aN ,
for P = 0, 0.2, 0.4, . . . , 1. The different columns indicate the various window sizes used to estimate the test
statistic (14), while the separate blocks of rows present the results for different number of assets included
in the portfolio.
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Figure 1: Power of the test statistic when γ = 1

Note: Graphical representation of the results of Table 1. Each quadrant reports the power for portfolios
with varying number of assets. The lines within each quadrant represent the power for different judgmental
allocations. The optimal allocation a0 is reported as a dashed black line, while the equal weight allocation
aN is represented as a continuous black lines. The lines in between correspond to various combinations of
these two allocations.
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Table 2: Power of the test statistic when γ = 5

Note: See note of Table 1.

Figure 2: Power of the test statistic when γ = 5

Note: See note of Figure 1.
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Table 3: Power of the test statistic when γ = 10

Note: See note of Table 1.

Figure 3: Power of the test statistic when γ = 10

Note: See note of Figure 1.

21



5.2 Expected utility performance

The data generating process for the evaluation of the expected utility performance mirrors

that described in the previous subsection. To streamline the exercise, we focused on three

estimation windows, 180, 300 and 600 observations, corresponding to 15, 25 and 50 years

of monthly data, respectively. We assessed two judgmental portfolios, the optimal and the

equally weighted. Additionally, we considered three levels of significance, α = 1, 0.1 and

0.01. The case of α = 1 corresponds to the standard plug-in estimator, as in DeMiguel et al.

(2009), where there is no protection against estimation error. Since the quality of the equal

weight portfolio cannot be assessed ex ante, we examined three risk aversion coefficients,

γ = 1, 5 and 10. The previous subsection’s exercise indicated that the power against the

equally weighted portfolio is quite low for low levels of risk aversion, suggesting that the

equally weighted portfolio is not distant from the optimal one for less risk-averse investors.

However, the power increases substantially for higher levels of risk aversion. A plausible

explanation for this result is the well-known fact that first moments are estimated much

less precisely than second moments. Since less risk-averse agents place more emphasis on

expected returns relative to the variance, one would expect a substantially lower perfor-

mance in terms of expected utility for these agents, compared to those with a higher degree

of risk aversion.

The exercise is structured as follows. Using the same dataset, we consider portfolios

comprising 1, 5, 20 and 50 assets. For each portfolio, we computed the expected returns

and the variance-covariance matrix, which serve as DGP. We then generate a random

draw that matches the size of the estimation window to compute the maximum likelihood

allocation. Subsequently, we generate 10,000 random draws from the same GDP, each

with the same length as the estimation window, and implement the decision rule (15) for

each draw. Next, we compute the expected utility (using the population moments from

the DGP) for both the decision with judgment and the judgmental decision. Finally, we

average the expected utilities over all the 10,000 draws and report the difference between

the expected utility of the decision with judgment and that of the judgmental decision.
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Table 4: Expected utility

Note: Difference in expected utility between the decision with judgment and the judgmental decision. A
positive difference indicates that the decision with judgment outperforms the judgmental decision. The
DGP underlying the Monte Carlo exercise is the same as that of Tables 1-3.

A positive difference indicates that the decision with judgment offers an improvement

over the judgmental decision, by providing a higher expected utility on average, while a

negative difference suggests the opposite. The results of the exercise are consistent with

those of the previous subsection. When the judgmental decision coincides with the optimal

allocation, the difference in expected utilities cannot be positive, as improving over the

judgmental decision is impossible. In this scenario, the loss in utility associated with the

maximum likelihood allocation (α = 1) is significantly higher than when α < 1. The

results are striking when the risk aversion parameter is equal to 1 (γ = 1) and the portfolio

contains a large number of assets (N = 50). Unlike the standard plug-in, maximum

likelihood approach, the decision with judgment offers protection against Type I errors.

The lower the level of significance, the greater the protection. However, this protection

comes with a trade-off: reduced power of the test. When the judgmental decision is the
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Table 5: Expected utility with rolling windows

Note: The exercise mirrors to that of Table 4, but it now employs rolling windows to estimate the judg-
mental decision.

equal weight portfolio and it is significantly worse than the optimal allocation, the decision

with judgment at α = 10% tends to outperform that at α = 1%.

Table 5 presents a similar exercise to that of Table 4, with the key difference being

the use of rolling windows of estimation. We simulate a time series of 1,000 returns and

assess the performance by using windows of 180, 300 and 600 observations to estimate the

decision with judgment. After computing the expected utility, the estimation window is

rolled over by one observation to re-estimate the decision with judgment. The process is

repeated until the end of the sample is reached. This entire procedure is conducted 1,000

times, and the overall average utilities are computed for both the decision with judgment

and the judgmental decision. The results are qualitatively similar to those of Table 4, but

with an intriguing twist: expanding the estimation window does not necessarily enhance

the performance of the decision with judgment. In fact, when the judgmental allocation is

optimal, increasing the estimation window leads to substantially worse performance. This
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Table 6: Data sets used in the pseudo out-of-sample exercise

Note: Datasets utilized in the pseudo out-of-sample exercise. The number of observations is denoted by T
and the number of assets included in each portfolio by N .

is due to the persistence introduced by the overlapping rolling windows: when the test

incorrectly rejects the null hypothesis that the judgmental decision is optimal, it is likely

to continue rejecting it as the window shifts forward by one observation.

The results from this exercise are important as they represent a more realistic bench-

mark for evaluating pseudo out-of-sample exercises performed with real data. We next turn

such an exercise.

6 Pseudo out-of-sample performance

We consider similar datasets to those used in DeMiguel et al. (2009), as reported in Table

6.

The portfolios are the same as in DeMiguel et al. (2009), which in turn are taken from

Ken French’s website. The 25 portfolios are the portfolios sorted by size and book-to-

market, excluding the five portfolios with the largest firms, as they highly correlated with

the factors.

We conduct the same out-of-sample exercise as in Table 5, considering three estima-

tion windows of 180, 300 and 600 observations, along with three levels of risk aversion,

γ = 1, 5, 10. Since we are now dealing with real data, the optimal allocation is unknown. To

address this, we construct a pseudo-optimal allocation by estimating the portfolio weights

using all available observations in the sample. The alternative judgmental decision consid-

ered is the equally weighted portfolio.
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The decisions with judgment are estimated using the observations within the estimation

window. We next compute the expected utility associated with these decisions by using the

full sample mean and variance-covariance matrix, which are used to construct the pseudo

optimal decision. This process is repeated for the judgmental decisions as well. The window

is subsequently rolled over by one observation, and the whole procedure is repeated until

the penultimate observation is reached. Finally, we average the expected utility over the

entire out-of-sample period and report the differences between the expected utilities of the

decisions with judgment and the judgmental decision. As in the previous section, a positive

difference indicates that the decision with judgment outperforms the judgmental decision,

while a negative difference suggests the opposite.

The results, presented in Table 7, are broadly consistent with those observed in the

Monte Carlo simulation. First, the pseudo optimal decision cannot be improved by con-

struction. However, the standard plug-in maximum likelihood estimator’s underperfor-

mance is significantly more pronounced than that of the decision with judgment. Decisions

with judgment, when using a level of significance less than 1, protect the decision-maker

against Type I errors.

Second, aligning with the findings of DeMiguel et al. (2009), the maximum likelihood

decision generally underperforms compared to the equal weight portfolio. It is only when

the risk aversion is high (γ = 10) that the maximum likelihood allocation does better.

Third, the decision with judgment almost always outperforms the equal weight portfolio.

Furthermore, when the judgmental decision is optimal, the losses in terms of expected

utility are far more limited than those for the plug-in allocation. An exception occurs for

dataset #2, which includes an outlier that skews the portfolio allocation’s performance.

This outlier results in atypical portfolio returns that disproportionately affect the expected

utility calculations. While the decision with judgment typically mitigates Type I errors,

it might still be affected by extreme observations. As a result, its relative advantage over

the equal weight portfolio may be temporarily reduced. Addressing this anomaly requires

additional robustness checks or adjustments to effectively account for such outliers.
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Table 7: Pseudo out-of-sample performance expected utility

Note: Difference between out-of-sample expected utilities of the decision with judgment and of the judg-
mental decision.
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7 Conclusion

The explicit formulation of judgment in terms of a benchmark asset allocation can be used

to address the empirical challenges that often arise with traditional econometric methods.

Utilizing the statistical decision theoretical framework developed by Manganelli (2025),

the decision with judgment first tests whether the benchmark allocation is optimal. This

is accomplished by testing whether the gradient of the expected utility evaluated at the

benchmark allocation is equal to zero. In case of rejection, the decision with judgment

selects the asset allocation which coincides with the boundary of the confidence interval of

the gradient.

The core innovation of this approach is the use of judgmental decisions, which are

benchmark allocations that decision-makers aim to outperform. By formulating the prob-

lem within a hypothesis testing framework, we can utilize maximum likelihood estimates

to evaluate whether these judgmental decisions are indeed optimal. The level of signifi-

cance provides a systematic way to control Type I errors, ensuring that deviations from the

benchmark are statistically justified. Stopping at the boundary of the confidence interval

of the gradient protects the decision-maker against estimation error, providing a significant

advantage over traditional plug-in estimators.

Our Monte Carlo simulations revealed that this method is robust across various sce-

narios, including different number of assets in the portfolio and degrees of risk aversion.

The simulations showed that the asymptotic approximation of the test statistic is accu-

rate in size. Its power depends on the accuracy of the benchmark allocation (which in

turn is linked to the degree of risk aversion of the decision-maker) and the number of as-

sets included in the portfolio. Moreover, it consistently outperforms the 1/N benchmark

allocation, particularly in scenarios where the judgmental decision is suboptimal.

The pseudo out-of-sample exercises using real datasets further validated these findings.

The decision with judgment demonstrated superior performance compared to both the

traditional plug-in estimators and equally weighted allocations. This suggests that incor-
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porating judgment into asset allocation not only enhances theoretical soundness but also

offers practical benefits in real-world applications.

While the results are promising, future research could explore the extension of this

framework to more complex financial models (such as time-varying variances) and different

market conditions. The incorporation of judgment into asset allocation provides a com-

pelling alternative to traditional methods. It offers a rigorous yet flexible framework that

enhances decision-making under uncertainty, potentially leading to improved investment

outcomes.
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